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ABSTRACT

SEAMLESS HUMAN LIFE MONITORING AND

TRACKING ALL-DAY LONG

Human life monitoring systems utilizing wireless sensors networks (WSNs) and/or

smart phones became a hot topic for the evaluation of the life quality. A daily life of

a human can be divided into three main parts as outside, home and sleep. There are

various systems that monitor the lifestyle of a human either inside or outside the home.

Yet, the challenge is to develop a system that covers all the activities of a person for 24

hours. Considering the fact that people spend one-third of their lives sleeping, sleep is

another important activity to monitor. While sleep studies mainly focus on the sleep

quality of a person, the effects of life style and ambient factors on the sleep quality are

usually neglected. In this thesis, we propose a seamless human life monitoring system

that covers 24 hours of a person’s life including the sleep activity. The proposed system

utilizes a WSN and a smart phone and collects life-log and sleep data from multiple

users. The WSN collects nocturnal ambient and sleep data via various sensors. On

the other hand, the applications running on the smart phone collect daily performed

activities with their durations and locations. In the data collection phase, we employed

nine people for fifteen days. The system is designed to provide the unobtrusiveness

and respect the privacy of the users. By using the collected data, we extracted the

sleep behavior and the life style choices of the users. In order to figure out the factors

affecting the sleep quality of a person, we applied three feature selection algorithms

namely the decision tree, the correlation coefficient, and the sequential feature selection

to the collected data. The results indicate that two features namely the Sleep Onset

Latency and the Leisure Activity Duration are reported as important features in all of

three algorithms for their effects on the sleep quality.
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ÖZET

GÜN BOYU KESİNTİSİZ İNSAN YAŞAMI TAKİBİ VE

GÖZLEMİ

Kablosuz ağ algılayıcıları (KAA) ve akıllı telefonlar kullanılarak geliştirilen Yaşam

Takip sistemleri yaşam kalitesinin çıkarılmasında sıkça kullanılmaktadır. İnsanların 24

saatlik yaşamı ev içi, ev dışı ve uyku olmak üzere üç ana kısma ayrılabilir. Kişinin ev

içi veya ev dışı yaşamını takip eden ve yaşam kalitesini değerlendiren birçok çalışma

mevcuttur. Fakat, asıl zor olan kişinin 24 saati boyunca gerçekleştirdiği eylemlerin ta-

kibini yapan bir sistemin geliştirilmesidir. İnsanların hayatlarının üçte birini uyuyarak

geçirdiği düşünüldüğünde, uyku da ihmal edilmemesi gereken önemli bir eylemdir.

Uyku çalışmalarında genellikle kişinin uyku kalitesine odaklanılırken, uyku kalitesini

etkileyen etkenler göz ardı edilebilmektedir. Ayrıca, kişinin yaşam tarzının uyku kalite-

sine önemli etkisi olduğu düşünülmektedir. Bu amaçla, kişinin uyku da dahil 24 saat-

lik yaşamını kapsayan kesintisiz bir eylem takip sistemi geliştirdik. Önerilen sistem

bir KAA ve bir akıllı telefon kullanarak, insanlardan yaşam günlüğü ve uyku veri-

lerini toplamaktadır. KAA çeşitli algılayıcıları kullanarak gececil çevresel değerleri ve

uyku verilerini toplamaktadır. Diğer taraftan, akıllı telefon üzerinde çalışan uygula-

malar kişinin gerçekleştirdiği eylemleri ve bulunduğu yerleri süreleriyle beraber kayıt

altına almaktadır. Deneysel veri toplama aşamasında dokuz kişi on beş gün boyunca

sistemimizi kullanmıştır. Sistem geliştirilirken kullanıcılara rahatsızlık vermemesi ve

onların özeline saygılı olması hedeflenmiştir. Kişinin uyku kalitesini etkileyen öğelerin

bulunması amacıyla, toplanan verilere üç ayrı öznitelik seçim yöntemleri uygulanmıştır.

Deneylerin sonucunda, Uyku Gecikmesi ve Serbest Etkinlik Süresi öznitelikleri bütün

yöntemler tarafından uyku kalitesini etkileyen önemli etkenler olarak raporlanmıştır.
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1. INTRODUCTION

“Life Monitoring” became important in many real-world applications for the com-

puter science community in the recent years. With the remarkable advances on wireless

sensor networks (WSNs) and smart phone technologies, it became relatively easy to

figure out what a person is doing in a specific time period. In order to monitor a

certain activity, many sensors such as accelerometers, global positioning system (GPS)

receivers, pressure sensors, and passive infrared (PIR) sensors could be utilized. Al-

though there are many life monitoring solutions both for inside and outside the home

separately, it is very hard to find a solution covering activities both inside and outside

the home. This thesis proposes a seamless daily human life tracking approach by mak-

ing use of a WSN together with a smart phone. This approach divides the daily life

into three parts as outside, home and sleep, and determines the activities and ambient

factors affecting sleep quality.

WSNs attracted researchers with their low cost, increased computational power,

decreased power consumption and portability for a variety of applications. Life tracking

solution for healthcare of elderly in a home setting is a good example of WSN usage

for smart homes [3]. As mentioned in [4], a wide range of sensors could be taken

into consideration for inferring the activities of a person. Whereas, since the mobility

of WSN solutions are restricted, the coverage area is limited to home or near-home

environment. Hence, the outside life of a subject in the experiment of life monitoring

with WSNs stays unknown.

On the other hand, smart phone-based life tracking solutions are capable of ac-

tivity extraction outside the home since almost everybody has a smart phone equipped

with many useful sensors. Although there are many smart phone operating systems,

due to its ease of use, highly sophisticated Application Programming Interface (API)

and allowance to manipulate its file system, Android smart phones are preferred. Daily

life monitoring and tracking applications as in [5–7] generally use accelerometers and

GPS receivers data for the inference of outside activities. However, when the person
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goes home and transits to a relatively stationary situation, the smart phone-based life

tracking algorithms fail since those algorithms mainly depend on mobility and many

smart phone users put away their phones at home.

Both of the life tracking solution approaches have their own deficiencies but they

could be complementary to each other. In this regard, we propose a solution by using

both of them wherever they are necessary and effective in real life.

When it is considered as Seamless Human Life Monitoring and Tracking All-day

Long, the research focus evolves to life-logging of a person. The concept of life-logging

was first proposed early in 1945 by Vannevar Bush [8]. Life-logging concept is basically

collecting any useful information from a person and his/her environment that would be

important to change and/or determine his/her daily life routine. Life-logging studies

can be implemented in many fields like healthcare domain by using many technologies

like WSNs and smart phones. As mentioned in [4], studies about life-logging area focus

mainly on healthcare of the elderly since the civilized societies are getting older and it

becomes harder to acquire a caregiver to every elderly human who is in danger by living

alone in a non-hospital environment. Due to inevitable healthcare service necessities,

remote and automatic monitoring of the human wellbeing and detection and warning

systems should be taken into consideration in order to help the elderly increase their

quality of life and live independently with minimum support.

While studying life-logging systems, the privacy of the subjects and the unob-

trusiveness of the system should not be disregarded. Privacy issue is a key concept if

it is desired to be used in the field excessively. Even though Kinect for Windows [9]

is a promising life-logger system, it takes visual data from the subjects and his/her

environment by violating the privacy issues. On the other hand, Sony Smartwatch [10]

can be used in life-logging systems to achieve real-time results both by informing the

subject and sending information about the subject to the server-side. However, the

subjects are required to wear the Smartwatch even in their homes. Hence, it becomes

an obtrusive equipment to live with.
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Considering the life-logging concept, sleep study is an area of research that should

not be disregarded. As stated in [11], sleep which occupies about one-third of our

life time is undoubtedly an important activity to monitor. Sleep deprivation due to

sleep-related disorders or other factors could introduce severe physical effects, cogni-

tive impairments, and mental health complications. During sleep, the body restores

metabolic functions and stores information collected on the day [12]. Moreover, Miwa

et al. [13] describes sleep as refreshment from mental and physical fatigue and lack

of sleep decreases mental concentration and immunity. Proper sleep is essential for

healthy activity and mental function in all aspects of daily life. Hence, sleep is a cru-

cial actor on a person’s daily life and wellbeing. While good quality sleep can increase

human’s enthusiasm and helps concentrate better on his/her work during the day, an

insufficient sleep may trigger many health problems. When the mental and/or physical

condition of the sleeper and the ambient factors are changed, the functionality of the

subject is impaired, causing problems such as somnolence, decrease of reaction time,

loss of coordination that may cause traffic accidents, irritability, cardiovascular disease

(CVD) such as hypertension, arrhythmia and others affecting the life quality of the

subjects [14,15].

Since sleep constitutes a big portion of our lives and is a major part of health

and well-being, monitoring the quality of sleep can aid in the medical diagnosis of

a variety of sleep and psychiatric disorders and can serve as an indication of several

chronic diseases [16]. One should consider monitoring and investigating sleep behavior

of a person in order to get a complete and informative life-log.

There are many sleep quality studies. One of them is Pittsburgh Sleep Quality

Index (PSQI) [17] which is a self-rated questionnaire. It assesses the sleep quality and

disturbances over a one-month time interval. In the questionnaire, there are sleep-

related questions scoring a subject’s sleep quality between 0 and 21. PSQI score and

sleep quality is inversely proportional since increase in the PSQI score refers decrease

in the sleep quality. Although PSQI has an important role in the sleep studies, it is

filled monthly and the questions are subjective. Thus, the sleep score of a person is

not necessarily an accurate indicator of the sleep quality.
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The most accurate results on the sleep quality can be taken from sleep labs

established in hospitals. A patient spends a night in the sleep lab and gives information

via the sensors connected to him/her. Furthermore, a night watch monitors the sleeper

through the night. The technique applied in these labs is polysomnography (PSG)

which is the gold standard test for assessing disorders related to sleep. In PSG, multiple

sensors are connected to the subject to record parameters during sleep and to determine

if the patient suffers from a disorder [18]. However, too many sensors connected to the

body may affect the measurements. Furthermore, PSG is an expensive exam that

requires hospital admission for the night. The number of people who undergoes this

exam is few compared to the potential number of subjects who could benefit from sleep

disorder monitoring. The unfamiliar environment of the sleep laboratory as well as the

equipment and sensors attached to the subject’s body can disturb the subject’s quality

of sleep – a phenomenon referred to as the first-night effect [19].

Every sleep study focuses on the detection of sleep stages which are rapid eye

movement (REM) sleep and non-REM (NREM) sleep. The American Academy of

Sleep Medicine (AACM) further divides NREM sleep into three distinct stages [20]. In

NREM stage 1, sleeper is in between sleep and wakefulness. The muscles are active and

the eyes roll slowly. In NREM stage 2, sleeper becomes gradually harder to awaken.

NREM stage 3 is called as slow-wave sleep (SWS). The sleeper is less responsive to

the environment. In REM sleep, most muscles are paralyzed. Even though the sleeper

exhibits electroencephalogram (EEG) waves similar to waking state, he/she is harder

to arouse than any other state. The oxygen consumption by the brain is higher than

when the sleeper is awake. Most of the dreams are seen in this stage. A healthy adult

reaches REM approximately every 90 minutes with the latter half of sleep being more

dominated by this stage. The sleep proceeds in cycles of REM and NREM usually four

or five times per night. Greater amount of NREM stage 3 happens earlier in the night.

REM sleep comprises about 20 to 25% of the total sleep in typical healthy adults [21].

In the sleep study literature, NREM stage 2 and NREM stage 3 are referred as

deep sleep while NREM stage 1 and REM sleep represent light sleep. The quality

of sleep is often an indicator of deep sleep duration. In our thesis, we focus on the
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detection of sleep stages as light and deep sleep. As a start of the sleep study, there are

some straightforward inferences. Guazzelli et al. [22], propose that the total amount

of time which spent in deep sleep decreases with age, while an increase in wakefulness

has also been observed. Since the age has been known to have a significant effect on

the sleep structure, we run our experiments on people with similar ages to accomplish

a model free from age-related matters.

Creating a sufficient sleep stage detection algorithm could be achieved by isolat-

ing the sleeper from negative influences caused by devices used in the data collection

process. Unobtrusiveness of the devices used to collect sleep data from the subject is

a key factor to accomplish a high performance and comfortable sleep stage detection

system. Hence, wireless body-area networks and wearable devices decrease the overall

system performance. Systems proposed in [13, 23] place limitations on the subject’s

movement and it is more difficult to use in an ambulatory environment.

Another important factor that should be taken into consideration is the cost of

the system. Although Actigraph [24] is a successful device to detect sleep stages, it

is not preferable to utilize for the systems targeting low-cost because its price is as

high as $1000. Furthermore, since the micro-controllers in WSNs operate with battery,

the power consumption is an important constraint. While developing a wireless sensor

network, the developers should consider the power consumption of the sensors.

In this thesis, we design, develop and deploy a seamless human life tracking

system by making use of WSNs and smart phone applications. The ultimate system is

deployed in real houses. In total, nine people used the system for fifteen days in their

own houses.

Our contribution can be summarized with the following items;

• The system is designed to be fully unobtrusive and respectful to the privacy

concerns of the subjects. In this manner, no wearable devices that would probably

disturb the subject are preferred. Moreover, no data that could contain any
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private information such as video or audio are sampled and collected. The overall

system is designed considering minimum dependence to the users.

• The system collects activity and location data from the subjects during the day

including in-house activities. When the subject goes to bed, sleep data collec-

tion process begins. Both sleep-related and environmental data are collected

during the person’s sleep. Environmental data include noise level, temperature,

humidity, light level and atmospheric pressure. The WSN system consists of five

different sensors. For the life-logging study, four different Android applications

are utilized.

• For the data collection process, a WSN kit and an Android-based smart phone

are enough. The experiment continues fifteen days for one person. In order to

accomplish the data diversity, nine different subjects are used in the experiments.

The subjects are of similar age with the same gender, male. The subjects are

chosen with similar ages in order to eliminate age-related versatility in sleep

quality since the time spent in deep sleep decreases with age as mentioned in [22].

• Unlike many studies, our system runs in the people’s own environment in which

we can not intervene in case of any problem. As a result of this, there are some

erroneous and/or inadequate data from some users. Furthermore, we are able to

test the system’s robustness and lifetime of the batteries in the field.

• In the feature selection phase, the sleep data is classified as good, bad or moderate

by detecting the sleep stages and their durations during the night. After that,

daily activity details and GPS data are used together with sleep quality data. At

the end, we are looking for the factors that affect the overall quality of sleep.

• In the preliminary studies, the goal was to detect sleep stages as light and deep

sleep from the accelerometer and the pressure mat data. The field experiments

of this preliminary study were handled by two subjects for thirty nights. The

former studies are explained in detail later in the thesis.

The system deployed to people requires five sensors, two micro-controllers with

transceiver modules, one base station collecting data from the sensors, one computer

that runs as an online data collector and a smart phone with a GPS module. The

system collects data from the subject and his/her environment regarding the privacy
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issues. The feature selection process takes place after the data collection phase is

completed.

The organization of the thesis is as follows; in Chapter 2, we provide a literature

survey on life-logging and sleep quality studies. In Chapter 3, the system design and its

components are explained in detail. In Chapter 4, information about the preliminary

experiments of the thesis is made available. In Chapter 5, we use feature selection

techniques to find out the factors affecting the sleep quality of a person. The conclusion

and possible additions and modifications for the future studies take place in Chapter

6.
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2. LITERATURE SURVEY

Human life tracking and monitoring studies have found a huge application field

in computer science. Almost all of them have utilized WSNs and smart phone tech-

nologies. In this chapter, we explain the state of the art studies in two subsections

life-logging and sleep study. Their proposals, advantages and disadvantages are ex-

plained by comparing with our study.

2.1. Life-logging Domain

Smart Reality Testbed [25] which is a life-logging platform is developed together

with an interactive visual analytics tool to help users gaining insights about their daily

life. In this study, 50 university students who have Android smart phones were asked

to use the application for a month. The students are in different departments and of

similar ages. The application collects GPS sensor data and application usage data.

For processing the logged data, clustering technique is the most preferred descriptive

modeling technique. Android application that collects life-log data from the smart

phone is partly based on Funf framework which is an open-source library set developed

by Massachusetts Institute of Technology. The application collects positioning, social,

motion, environment, device and interaction information. The GPS sensor is sampled

4 seconds in every 2 minutes. The application usage data is triggered with screen-on,

screen-off and app-switch events. The time passed between these events constitutes

life-log data to be collected. In order to eliminate jitter and jiggle of the correct

location, fixation filter is used. The visualization tool has three parts as information

panel, timeline view, and map view. The visualization tool enables users to see and

examine their daily life pattern. At the end of the experiment, it has been revealed

that most people use their smart phone more than three hours a day and in some part

of the day, users use their phone continuously for an hour. Most of the time, users

use social networking applications like Facebook. In their study, they mostly focus

on smart phone usage data whereas we want to examine daily behaviors of people by

using the smart phone data.



9

In another study [26], the main focus is the health care monitoring of the elderly

patients. Data acquisition system consists of handheld and PC devices namely Mo-

bileHub and HomeHub. With this solution, collection of vital information about the

patients can be handled remotely. The goal of this study is to enhance the health care

service by means of cost and effectiveness. The system collects and monitors activities

and vital signs like blood pressure, blood sugar, heart rate, etc. In case of an emer-

gency, caregivers are alerted by the system. Remote patient monitoring consists five

services as follows; data acquisition, store/forward and visualize service, life tracking

service, behavior monitoring and lifestyle guidance service. The experiments take place

in the environments called Living Lab. With Living Labs in different cities of the coun-

try, the type of patient environment is homogeneous. The HomeHub runs on a Linux

environment and has more computational power that MobileHub. On the other hand,

MobileHub does not restrict the patient in home. The system collects information

about patient’s blood pressure, blood sugar, oxygenization level, ECG (Electrocardio-

graphy) signals, patient movement, medication, eating habit and activities. This study

is not a cost-effective solution for our study and we aim unobtrusiveness whereas there

are many on-body wearable sensors in this study which prevents getting real sleep

performance by disturbing the patient.

In [27], the research is mainly on supporting elderly people. In order to ac-

complish, wireless optical oscillo-sensor, WSN, smart phone devices are used. Optical

oscillo-sensor is used for estimation of elderly people’s state inside the bed. WSN is for

predicting the state of elderly in the room. The smart phone is used for destination of

movement types outside the home. The collected data is stored in a structured plat-

form which is called Informationally Structured Space. The robot partner is composed

of Iphone, servo motor, mobile base and a microcontroller. WSN is composed of sen-

sors equipped with wall, floor, ceiling, furniture and home appliances. WSN measures

the environmental data and human motions. WSN has Kinect [9], SunSPOT [28], and

wireless optical oscillo-sensor. For the bed part, the human states are classified into

sleep, roll-over, cough and none. The smart phone logs human movement acceleration,

angular velocity, and movement distance. The robot partner takes place when passive

perception does not return any successful state. In the visualization system, human
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behavior, human state and life log are demonstrated. The main problem of this study

is the violation of personal privacy. Taking the visual information of the room seriously

violates the human’s privacy. Moreover, the activities outside cannot be logged. Only

movement-related information can be collected by the current system.

Real-time social Reminder and Reminiscence System (R3S) [29] is an assistive

technology that harnesses mobile and wearable technologies to address the unmet needs

specifically relating to personalized information, social contact and perceived safety.

The goal of the study is to answer the question of “by using the technology, is it

possible to improve the independence of a person with dementia and enable them to live

longer within their own home?” The life-logging component of the system, miLifeCom,

is composed of an Android smart phone and Sony Smartwatch [10] wearable display.

The user should wear the smart phone around the neck. The application records an

image in 30 seconds intervals together with location and accelerometer data. When a

known-person’s image is taken, the image is processed and the information about that

person like name, relationship status is displayed on the smartwatch. Additionally,

to record user’s heart rate, a Bluetooth sensor is connected to the user’s chest. For

the experiments, six people wear the setup for 2.5 hours taking around three hundred

pictures. As a result of the experiment, fast and accurate interactions are identified

within 5 seconds. Slow interactions take more. The main deficiency of this study is

that the system does not provide wide range of data. It only takes pictures for image

processing. Moreover, the sensors prevent users from their daily routine activities. The

garment worn by the users is uncomfortable and disturbing.

In [30], life-log means photography, physiological signals, activity time, and lo-

cation data. By wearable gadgets, daily information of a user can be acquired and

logged. There are two kinds of wearable gadgets for low rate and high rate data. Uni-

versal Time Clock (UTC) is used for synchronization of data coming from different

gadgets. In total, there are four gadgets for audio, position, video and motion and

bio-information. GPS is utilized to retrieve the exact time and location information.

With the usage of acceleration sensor, user’s movement status can be obtained. The

collected data can be transferred to the server or other device by ZigBee. The boards
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mainly consist of a microcontroller unit (MCU) with WPAN, GPS module and related

sensors like accelerometer, ECG analog sensor, camera module, etc. Wearable gadget

for high data rate is composed of embedded processor, RAM, flash memory, video I/O

interface. It supports WLAN and WPAN for communication.The main problem of this

study is that unobtrusiveness of the gadgets is disregarded. Furthermore, by taking

photos and videos, the privacy of the user and his/her companies are violated.

Kim et al. [31] defines personal life-logging as data logging activity recording and

tracing one’s personal real life event. Life-log research is an effort to analyze such real

life data logs to create informative and digitized stories of person’s life. The goal of

this study is to design the back-end life-log system that can support and facilitate life-

logging practice and personalized analysis on their records. The system is composed of

lightweight neck-held camera and a smart phone with the embedded GPS. Moreover,

magnetometer, accelerometer, thermometer and ambient light sensor data values are

sampled. The camera’s sampling time differs according to environmental changes. The

camera takes more pictures when environmental changes increase. In the experimental

phase, a person’s journey from his house to the work office is taken. After the journey,

post-processing of camera images is done on the server computer. With image process-

ing, the people encountered during the journey can be retrieved if they are known by

the user.The problems for this study are the violation of privacy issues due to picture

taking and obtrusiveness of wearable sensor set as camera and smart phone.

2.2. Sleep Study Domain

Iwamoto et al. [32] examines sleep stages by measuring respiration count with

the usage of Doppler sensor. For ground truth, ECG signals are used. The Doppler

sensor is placed below the bed. For sleep stage determination, the fact that number

of respiration increases during REM sleep is used. In the experiment, respiration

count over 18.1 per minute is assumed as REM sleep. It is assumed as light sleep if

respiration count is between 16.7 and 18.1 per minute. It is assumed as deep sleep

if respiration count is below 16.7 per minute. According to experiment result, the

accuracy of Doppler sensor is 90.62%.The problem of this study is that the subjects
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are assumed as healthy. The system cannot get correct results for people with sleep

apnea disorder. Moreover, if the sleeper lies down on his/her face the respiration count

would be miscalculated.

The main focus in [33] is to release the subject from cables of sleep-related sensor.

In this regard, a WSN consisting of four different sensors is used. The sensors are

breathing belt, temperature sensor, oxygen saturation sensor and heart rate sensor.

The collected data are sent to a central switchboard unit using SimpliciTI technology.

The center unit arranges the data and transmits to the end-device using Bluetooth

technology. The problem of this study is that, even though it is argued that releasing

the subject from the cables makes the system unobtrusive; the sensors are attached to

the subject’s body. Hence, the system is still obtrusive.

In [13], SenseWear Pro2 Armband is used to detect roll-over movements during

sleep. It is worn around the right upper arm and measures acceleration in two axes,

skin temperature, near-body temperature, heat flux and galvanic skin response. The

success rate of roll-over detection algorithm is 84.2%. for the ground truth, a video

camera is used. From this point, the sleep quality is calculated. As a result of the

early experiments, sleep quality and sleep duration are inversely proportional. For the

final experiment, three healthy and 2 major depressive disorder (MDD) patients are

examined. The subjects wear SenseWear for about one year. According to experiment

results, even though the difference in sleep duration between healthy subjects and

MDD patients is small, average sleep quality in MDD patients is significantly lower.

As a result, it appears MDD reduces the sleep quality. There are two problems of

this study; SenseWear supplies acceleration data from two axes. Third dimension is

disregarded. Moreover, the sensor is obtrusive since it is attached to the body and

disturbs the subject.

In another study [34], the system is composed of pressure sensor array, airflow

sensor, signal multiplexing, resistance-voltage transducer and microcontroller with ana-

log to digital converter (ADC), multiplexer and serial communication to data logger.

The body movements and respiration count are calculated. The system is tested with
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five subjects producing eight full night sleep totaling 39 hours of sleep. By using the

collected data, body movement rate, apnea level, respiration rate (RR) calculation,

RR variability parameters are calculated. Body movement detection algorithm is im-

plemented detecting large amplitude changes during 2-second window in at least three

signals to determine if a movement event is occurred. Although it is a very successful

study and its calculations are very close to real values, the main problem is the mobility

issue. The system cannot be moved by the user to another place. Thus, it becomes

very similar to sleep rooms in hospitals.

The focus of study in [35] is the unobtrusive assessment of movements in bed

using data from load cells installed under each support of a bed. Load cell data

classifies movements into two classes as body movement and leg movement. Load

cells that are strain gauge transducers convert applied force into a resistance change.

The output data are proportional to force. Six load cells with 100kg capacities are

used. Seventeen users participated to the study giving one night data. The sleep data

constitutes a trajectory. The points in the trajectory are used to approximate the

body center of mass trajectory. Three features are extracted from the trajectory as the

distance between initial and end points, the length of the trajectory and the variance

of the trajectory. Using these features, user’s leg movements are scored as periodic leg

movement (PLM). In this study, the sleep quality has been disregarded. PLM score

gives information about the user’s possible health problems but does not give general

sleep quality of the user.

Samy et al. [36] describe an unobtrusive framework for sleep stage identification

based on a high-resolution pressure-sensitive e-textile bed sheet. From this study, a

set of sleep related biophysical and geometric features from the bed sheet is extracted.

Two phase classification procedure for awake-NREM-REM stage identification is per-

formed. The bed sheet is a matrix of pressure sensors generated by the intersections of

conductive buses. For the performance evaluation, three classifiers including K-nearest

neighbor (k-NN), Naive Bayes and Support Vector Machine (SVM) are used. The pres-

sure images are divided into thirty-second-epochs for identifying the sleep stages. From

the biophysical information, the following features are extracted; respiration rate (RR),
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its variability, leg movement, body movement, posture and body orientation. For the

experiment, seven subjects participated in the study, supplying a full-night sleep data.

The results are shown that Naive Bayes classification method outperforms the others

and the overall performance of this study is 71.1% according to PSG analysis. The

problem of this study is that the performance of their system is evaluated by using

PSG analysis as a ground truth. However, the environmental factors and subject’s

current well-being are disregarded although these factors significantly affect the sleep

quality.

The study in [37] describes the derivation of metrics by means of a location

mapping model to determine characteristics of sleep patter including bed time, rise

time, sleep disturbances and time in bed. The main contribution is the development,

validation and implementation of an ambient night time behavior monitoring system.

This system is used in sixteen independent living apartments in which elderly people

reside. Each of these apartments is fitted with various sensors including PIR sensor

for motion detection, contact sensor on all windows and doors, sensors on all light

switches, temperature sensors in each room, brightness sensors in each room and sen-

sors of electricity and heath usage. Moreover, PSQI (Pittsburg Sleep Quality Index)

questionnaire is filled by the residents periodically. Additionally, a wrist-worn tri-axial

Actigraph [24] is used for night time activity detection. A sleep disturbance is deter-

mined by a change in location between the bed time and rise time. Time in bed is

calculated as the duration between bed time and rise time removing the sleep distur-

bance periods. Time outside the home is calculated as the duration between exterior

door closing and re-opened. “Fell asleep”, “woke up” and “actual sleep” metrics are

derived from Actigraph data. As mentioned in the study, wrist actigraph compliance

was found to be disturbing. Two participants take the Actigraph off for many nights

making the night invalid. This behavior of residents shows that the obtrusiveness of

the wearable sensor prevents the study from getting real sleep data.

Another study [38] proposes a system that enables monitoring sleep stage of a

person remotely. The system can estimate sleep stage in real-time from heart beat and

body movement data acquired by an unconstraint-typed pressure sensor. The instant
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sleep stage can be remotely displayed in tablets of related people. For the sleep stage

estimation, Database-based Compact Genetic Algorithm (DcGA) is developed. The

main role of DcGA is to investigate whether each frequency of the heart beat data

should be passed or filtered according to the past data. The problem of this study is

that it needs past data to estimate sleep stage from every person. This system would

achieve better results as the past data increase. At the early stages, the performance

of DcGA would be poor.

In [39], the effectiveness of three methods in sleep stage detection is investigated.

These methods are fixed-duration five-second epoch (M1), three consecutive one-second

sub-epoch (M2) and three non-consecutive 1-second sub-epoch (M3). EEG signal of

the PSG data from ten healthy adult women is used. Spectral frequency analysis is

used as an extraction feature from the EEG signal. As a result of the experiments, M3

is proved to be the most effective and suitable method for detecting sleep stages. M3

performs 91%, M2 82% and M1 70% according to PSG analysis. In this study, the

data is collected in the sleep room of a hospital. The data, though, would not show

true story of the sleep since the sleep set is a disturbing and affects subject’s sleep

quality in a negative way.

In [40], a multimodality sleep condition inference system is proposed. The system

is based on heart rate sensor, passive infrared (PIR) sensor and wireless microphone

as audio sensor. The system is a distributed client-server system. In the client side,

the sensed data can be collected and sent to the server. The experiments held with

one person for thirteen days. This, study strictly violates the privacy of the subject

by collecting audio data of the environment while we collect only the noise level of the

room. Moreover, the concentration of the study is to detect whether the subject is

awake or in sleep. The sleep stages or sleep quality measurements are neglected.

Sleep As Android [41] application is readily available on the Google Play Market.

By using this application, the users are able to see their sleep behaviors. Moreover,

the light sleep and deep sleep ratios can be examined. Another important feature is

that this application can wake up the users in their light sleep intervals. The data
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collection and principles are very similar to our sleep experiments. However, there are

many problems of this applications. Firstly, the application cannot infer if a user gets

up and leaves the bed for some necessities like toileting through the night. The users

have to manually pause the application if they do so. Secondly, the unlocked version

of the application is not free. So, with the locked version, researchers are not allowed

to get the raw sensor data. Another problem of this application is that the users

should put their phone right under their heads to get the most accurate results. On

the other hand, most of the people put their phones as far as possible while sleeping.

Users would not prefer putting their phones under their pillows. With the problems

mentioned above, this application is not suitable for our goals.
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3. SEAMLESS LIFE MONITORING SYSTEM

ARCHITECTURE

In this thesis, we propose a seamless life monitoring system which collects data

from the user’s 24-hour life. The proposed system consists of two main parts as the

WSN and the smart phone. In the WSN, Arduino platform [1] and Xbee transceivers [2]

are utilized. In the network, there are two separate microcontrollers equipped with five

sensors. For the smart phone, Android operating system is used and four applications

are utilized for life-logging data collection. The system can be divided into four different

parts as data collection, pre-processing of collected data, post-processing and feature

extraction and sleep quality estimation. With the analysis of the collected data, the

sleep quality of a person is extracted and the factors affecting the sleep quality is

examined. The system overview is given in Figure 3.1.

3.1. Wireless Sensor Network

The wireless sensor network (WSN) is utilized for sleep study data collection. In

WSN, we have two separate microcontrollers; one for the ambient sensing, the other one

for the sleep data collection. The first microcontroller is equipped with light, humidity

and barometric pressure sensors. The second one is equipped with pressure mat and

accelerometer sensors. The sensed data are transfered to the base station via Xbee

modules connected to the Arduino microcontroller. The base station consists of an

Xbee module and a computer. The connection between them is provided via a serial

port. The wireless network setup can be seen in Figure 3.2.

3.1.1. Arduino Platform

Arduino is an open-source electronics prototyping platform based on flexible,

easy-to-use hardware and software [1]. In recent years, the Arduino platform is pre-

ferred in a wide variety of fields by many researchers and engineers because it has
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Figure 3.1. Seamless life monitoring system overview.

Figure 3.2. Wireless Sensor Network setup for data collection.
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many GPIO pins and an easy application development environment. The board can

be operational via a mini USB connection or a battery. Furthermore, Arduino has an

open-source software component and uses Arduino Programming Language which is

similar to C++. By using Arduino IDE, one can write a code, compile it and upload

to the board via FTDI programmer interface [42]. The compiled binary is called as

sketch.

In the Arduino family, we preferred Arduino Fio since it is compatible with the

Xbee transceiver module. The microcontroller in the Arduino Fio is ATmega328P

which operates at 3.3V with 8MHz. Arduino Fio has fourteen digital GPIO pins,

eight analog pins, an on-board resonator, a reset button, battery connection pin, mini

USB connection for power and charge, power switch, ready-to-use socket for Xbee

modules. The details can be seen in Figure 3.3. The analog pins provide ten bits

resolution. Thus, the sensor readings are between 0 and 1023. It has a 32KB of flash

memory for storing the sketches. The DC current per I/O pin is 40mA. The DTR pin

is directly connected to the sleep pin of the Xbee module. The Xbee module is the

most power consuming module in our system. Its power consumption can be controlled

during runtime by switching to the active mode when only it needs to transmit data.

Otherwise, it stays in the sleep mode.

3.1.2. Xbee Module

For the wireless communication, Xbee Series 1 RF module [2], which uses ZigBee

networking protocol for point-to-multipoint or peer-to-peer networking, is utilized. The

frequency band operates around 2.4GHz with a 30m communication range. It supports

serial interface data rate between 1200bps and 250kbps. Since the bottleneck for the

WSN sytem is power, the power consumption of the module should be minimized.

The wireless communication module is the most power consuming part. In the Xbee

module, the operation voltage is between 2.8V and 3.4V which is also compatible with

Arduino Fio. In the transmission mode, the current drawn is 45mA and in the receive or

idle mode, it is 50mA. Thanks to its support for sleep modes, the power consumption

of the Xbee module can be minimized and hence the lifetime of the battery can be
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Figure 3.3. Arduino Fio [1].

extended since the current drawn goes down to 10µA in the sleep mode. The Xbee

module used in our system can be seen in Figure 3.4.

Figure 3.4. Xbee module including its antenna [2].

In order to enable the Xbee modules for communication, there are some proper-

ties that should be set at the beginning. The baud rate, flow control, data bits, parity,

stop bits should be adjusted to communicate with the Xbee module from the X-CTU

programmer interface [43]. After the connection is provided, the modem should be

configured according to the network settings. In order to create a network, each Xbee

module including the base station should have the same Personal Area Network (PAN)
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ID and Channel (CH). By setting a unique PAN ID, only legitimate nodes can commu-

nicate with each other. For the packet transmission, the Destination Address Low (DL)

of the Xbee modules on Arduino Fio boards, should be set to the 16-bit Source Address

(MY) of the base station. The list of parameter values for the setting explained above

can be seen in Table 3.1. Moreover, for power saving issues, the Sleep Mode (SM)

should be set to 1 (PIN HIBERNATE). The modem configurations tab of X-CTU soft-

ware can be seen in Figure 3.5. Lithium polymer batteries are preferred since they

are compatible with Arduino Fio boards. They work at 3.7V with capacities between

900mAh and 5000mAh. Arduino Fio boards have a built-in charger mechanism for

those batteries over USB.

Table 3.1. X-CTU Xbee modem configurations.

PC Settings Values Modem Configurations Values

Baud Rate 57600 Sleep Mode 1 (PIN HIBERNATE)

Flow Control NONE Channel C

Data Bits 8 PAN ID 3137

Parity NONE Destination Address High 0

Stop Bits 1 Destination Address Low 1 (Base Station)

MY (Source Address) Preferred

3.1.3. Sensors Employed in the System

In our system, we utilize five sensors namely pressure mat, accelerometer, pho-

tocell, humidity and barometric pressure. The pressure mat and the accelerometer

sensors are used together on a single board to collect sleep data. The ambient board is

composed of photocell, humidity and barometric pressure sensors. This board collects

environmental data during the experiment starting from when the subject goes to bed

until he/she is awake. Sensor values are digitized to discrete values between 0 and 1023.

In order to achieve unobtrusiveness, we preferred ambient sensors instead of wearable

sensors. For the privacy concerns, we do not collect visual and/or audio data. The

pictures of the sensors are given in Figure 3.6.
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Figure 3.5. X-CTU Xbee module configuration interface.

Figure 3.6. Accelerometer, Pressure Mat, Photocell, Barometric Pressure, Humidity.
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3.1.3.1. Pressure Mat. The pressure mat is used to sense whether the subject is ly-

ing on the bed. In the system, the pressure mat sensor data is analyzed every thirty

seconds. If the value is above the threshold, then the board sends accelerometer read-

ings. The pressure mat is utilized to sense whether the subject leaves the bed during

the night as well. If the subject leaves the bed, then the board stops sending the

accelerometer data.

3.1.3.2. Accelerometer. As the accelerometer sensor we utilize ADXL-335 which can

supply readings in three dimensions (x, y, z). It has ±3g sensitivity. Since converting

the raw data into acceleration values (m/s2) is time and power consuming, the raw

data is sent to the base station. The conversion is handled on the computer. The ac-

celerometer is strapped on the pressure mat in order to get the most accurate readings.

The board starts sampling the accelerometer 300 times for 30 seconds if the pressure

mat reading is above the threshold value.

3.1.3.3. Photocell. The photocell is used to collect the ambient light level during the

sleep activity. The photocell values are sent to the base station in every one minute.

Since converting raw sensor readings to lux unit values is complex and time-consuming,

raw sensor readings are sent to the base stations.

3.1.3.4. Humidity. As the humidity sensor we utilize HIH-4030 [44]. The humidity

values are sent to the base station every one minute interval. The raw sensor readings

are converted to the relative humidity on the board.

3.1.3.5. Barometric Pressure. As the barometric pressure and the temperature sensors

BMP-085 [45] is used. From this sensor, we are able to retrieve the temperature as

well. The raw sensor readings are converted to the meaningful temperature (◦C) and

pressure values (atm). After the conversion, the values are sent to the base station.

The sensor readings are sent to the base station with one-minute period.
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3.1.4. Constraints and Limitations of WSN

One of the most important factors when designing and implementing a WSN is

the lifetime of the batteries. Since the boards in the field do not have a direct connection

to the electricity; sensor and communication device selection becomes critical in terms

of their energy consumption levels. The selection of the battery in terms of its energy

storage capability plays an important role for the lifetime of the system. The problems

occurred during the field tests can be classified into three parts as the battery lifetime,

wiring problems and sensitivity of the pressure mat.

3.1.4.1. Battery Lifetime. Since the boards in the network get its energy only from

the battery, the system lifetime is limited to the battery lifetime. In this regard,

selecting a low power consuming board is the key factor for increasing the system

survivability. For these concerns, we chose Arduino Fio platforms, Xbee modules and

lithium polymer batteries. The system lifetime can be significantly increased by using

batteries in parallel. Moreover, Arduino Fio boards allow on the fly recharging using

its USB interface. Thus, we do not have to remove the empty battery for recharging.

There are three main factors that affect the lifetime of the batteries.

First, we can decrease the sampling rate of the sensor readings to minimize the

power consumption. However, we have to consider the possible data loss in lower

sampling rates. In the lights of examination in [4], we set the sampling rate to 10Hz

for all the sensors to balance the trade-off between energy consumption and data loss.

Second, we are able to decrease the energy consumption of the wireless commu-

nication module by changing the sleep mode of the module in the runtime. The Xbee

module wakes up only when it needs to send new sensor reading. Otherwise it stays

in sleep mode to minimize unnecessary energy consumption. This is an important op-

timization since the wireless communication is the most power consuming component.

In the preliminary tests, we observed that putting the Xbee module in sleep mode sig-

nificantly increases the battery lifetime. The ambient sensor set can last twice longer
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than the sleep sensor set since it can use the sleep mode feature more often. In the

current system, the ambient sensor set samples the data, sends to the base station and

puts the Xbee module into sleep mode for sixty seconds. This approach extends the

lifetime of the batteries significantly. For the bed setup, an event-based data collection

system is adapted. The board checks the pressure mat sensor readings every thirty sec-

onds. If the value is above the predefined threshold value, this means that the subject

is on the bed and we start sampling the accelerometer data for thirty seconds. After

sending these sensor readings to the base station, the board checks the pressure mat

value again. If the reading is below the threshold, the board puts the Xbee module

into sleep for thirty seconds. The only drawback of the sleeping mode is that the re-

association with the network can take as long as 300ms, though the wake up time for

the Xbee modules is 13.2ms [4]. In order to eliminate the data loss possibility during

the wake-up of the Xbee module, the board waits for 300ms to make sure that the

Xbee module is ready to send data.

Third, the duty cycle of the board is another important factor that determines

the battery lifetime. In [4], the battery lifetime of the boards are examined. Their

experiments show that an Arduino Fio board can operate 24 hours with 1800mAh

battery while the sampling rate is 10Hz, the duty cycle is 10% and the Xbee module

is in idle mode. On the other hand, the same setup can operate 145 hours when the

sampling rate is 10Hz, the duty cycle is 10% and the Xbee module is in the sleep mode.

When considering that our sleep set runs 6-7 hours a day, the bed sensor can last at

least a week and the ambient sensor set lasts even longer. Therefore, we set the duty

cycle of the board to 10%.

3.1.4.2. Wiring Problems. Since Arduino boards are shipped without connectors which

are used to connect the sensors to the board.The post wiring of these connectors be-

comes an important issue for the system reliability. While the ambient sensor set is

stationary and out of subject interaction, the subjects lie on the pressure mat. Thus,

the connections between the sensors and the board could be lost during the night. Our

field tests showed that the connectors can easily be broken while the subject moves in
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his/her sleep. So, soldering should be strong and flexible enough to connect the sensors

and the board. For the benefit of the system performance, the soldering of the sensors

to the board should be handled cautiously or by professionals if possible.

3.1.4.3. Pressure Mat Problems. The most important part of the current system is the

collection of sleep data. Thus, the positioning of the pressure mat and the accelerom-

eter plays an important role. Since we attach the accelerometer on the pressure mat,

the pressure mat’s placement becomes an important parameter for the success of the

system. Our field tests have showed that depending on the subject’s mobility during

his/her sleep, the position of the pressure mat changes with time possibly resulting

damaged cables or poor accelerometer readings. Moreover, the pressure mat should be

placed in a way that the accelerometer is right under the subject’s shoulder. In other

placements of the accelerometer, we observed poor sensor readings so that the sleep

stage detection could not be performed.

3.1.5. Sleep Setup Design

We utilize two Arduino Fio boards to setup a wireless sensor network testbed.

The first one collects the accelerometer data triggered by the pressure mat readings

from the bed during sleep. The setup of this sensor can be observed in Figure 3.7. The

shown sleep board is ready-to-use in the field. The pin connection details are given in

Figure 3.8.

To detect whether a subject is lying on the bed or not, we propose a threshold-

based mechanism whose main procedure can be seen in Figure 3.9. To reduce the power

consumption, this mechanism runs in every thirty seconds interval by going from sleep

mode to the active mode. Even the board is in active mode, the Xbee module can be

put into sleep mode. When the pressure mat detects a person is on the bed, then three

dimensional accelerometer values are sent to the base station. The accelerometer is

sampled at 300Hz to get a detailed movement spectrum.
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Figure 3.7. Sleep board overview on the bed.

Figure 3.8. Sleep board schematic with the sensors connected.
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loop

pressureMatV alue← analogRead(A0)

if pressureMatV alue ≥ threshold then

xbeewake()

transmitV alue(pressureMatV alue)

for i := 0, . . . , 300 do

xacc← analogRead(A5)

yacc← analogRead(A6)

zacc← analogRead(A7)

transmitV alue(xacc)

transmitV alue(yacc)

transmitV alue(zacc)

end for

else

xbeesleep()

delay(30sec)

end if

end loop

Figure 3.9. Sleep board data sense and transmit procedure.
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The second board is utilized for collecting ambient values during the sleep via

photocell, humidity and barometric pressure sensors. This board is placed in the same

room near to the subject’s bed in order to collect ambient data closer to the sleeping

person. The setup of this board can be seen in Figure 3.11. The pin connections of

the board and the configurations of the sensors can be seen in the schematic given in

Figure 3.10.

Figure 3.10. Ambient board schematic with the sensors connected.

The working principle of the ambient board is in a duty cycled manner. When

the board is switched on, the loop starts running. The sensor values are sampled and

transmitted to the base station for further analysis. After the transmission, the Xbee

module is put into sleep and the main process sleeps for one minute. When the Xbee

module is awakened and the same sampling and transmission procedures are repeated.

The main flow procedure of this operation can be seen in Figure 3.13.

The base station of the WSN is serially connected to the central computer via
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Figure 3.11. Ambient board overview near the bed.

the Xbee Explorer USB interface. On the computer side, an application collects and

logs the incoming sensor readings from the base station for post-processing. The base

station which is connected to the computer and receiving data can be seen in Figure

3.12. The red led means the base station is working and the green led means the base

station is receiving data from other boards.

Figure 3.12. Base station connected to central computer.

3.2. Smart Phone Applications

Smart phones equipped with many useful sensors have simplified research and

field tests in many application areas. In the life tracking field, mostly preferred sensors
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loop

rawHumidity ← analogRead(A0)

rawLight← analogRead(A1)

bmpSDA← analogRead(A3)

bmpSSCL← analogRead(A4)

relativeHumidity ← calculateHumidity()

temperature← calculateTemperature(bmpSDA, bmpSSCL)

pressure← calculatePressure(bmpSDA, bmpSSCL)

xbeewake()

transmitV alue(relativeHumidity)

transmitV alue(rawLight)

transmitV alue(temperature)

transmitV alue(pressure)

xbeesleep()

delay(1min)

end loop

Figure 3.13. Ambient board data sense and transmit procedure.

are the accelerometer and GPS sensors. The reasons of preferring smart phones over

WSNs are that people carry their smart phones while this is not the case for the

existing WSN. Moreover, smart phones offer higher computational power and storage

capabilities. Hence, we integrated four smart phone applications into our system. We

developed the two of them and the other two are downloaded from the Google Play

Market.

3.2.1. Daily Sleep Quality Index (dSQI)

This application contains questions inspired from PSQI questionnaire. While the

PSQI score is calculated monthly, the dSQI score is calculated in a daily basis. The

subjects are asked to answer the questions every morning after they wake up. The

questions are about the details of sleep for the last night. The importance of this
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application is to log the subjective assessment. The purpose of this application is to

collect information that cannot be inferred by the sensory sleep set. The questions are

given in Figure 3.14. With the answers given, the subject’s dSQI score is calculated.

The daily score indicates the feelings of the subject about his/her sleep quality. The

scoring mechanism is explained in detail in Appendix A. The score ranges between 0

and 20 in which 0 means the best quality of sleep while 20 means the worst quality.

The user interface of the application can be seen in Figure 3.15.

3.2.2. WhatWhere

We developed an acitivity-logger application called WhatWhere to collect infor-

mation about the users’ places and activities. Once the application is started, it sends

notifications periodically to the user to enter his/her current place and activity. The

probable activity and place names are taken from a configuration file. Additionally, the

time interval for notification can be read from the configuration file as well. The details

of this file can be seen in Appendix B. If the file is not found from the file system, then

the application runs with the default values. The default time interval for notifications

is thirty minutes. The user interface of this application is given in Figure 3.16. The

answers are recorded with a time stamp. Hence, we can infer what the subject is doing

and where he/she is at a specific time interval. Also, relation between WhatWhere and

Run Keeper applications can be built.
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Q1) What time did you go to bed last night?

Q2) What time did you wake up this morning?

Q3) How long(in minutes) did it take you to fall asleep last night?

Q4) How many hours of actual sleep did you get last night?(This may be different

than the number of hours you spent in bed.)

Q5) How many times did you wake up last night?

Q6) Last night, did you have trouble sleeping because you ...

Q6a) cannot get to sleep within 30 minutes?(Y/N)

Q6b) wake up in the middle of the night or early morning?(Y/N)

Q6c) have to get up to use the bathroom?(Y/N)

Q6d) cannot breathe comfortably?(Y/N)

Q6e) cough or snore loudly?(Y/N)

Q6f) feel too cold?(Y/N)

Q6g) feel too hot?(Y/N)

Q6h) had bad dreams?(Y/N)

Q6i) have pain?(Y/N)

Q7) Last night, did you take medicine to help you sleep(prescribed or “over the

counter”)?(Y/N)

Q8) Yesterday, did you have trouble staying awake while driving, eating meals, or

engaging in social activity?(Y/N)

Q9) How would you rate your sleep quality last night?

− Very good − Fairly good

− Fairly bad − Very bad

Q10) Yesterday, how much of a problem has it been for you to keep up enough

enthusiasm to get things done?

−No problem at all −Only a very slight problem

−Somewhat of a problem −A very big problem

Figure 3.14. dSQI questions.
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Figure 3.15. User interface of daily Sleep Quality Index (dSQI).

(a) Starting WhatWhere appli-

cation.

(b) Multiple choices about place

and activity.

Figure 3.16. WhatWhere screens.
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3.2.3. Noise Meter

Noise Meter [46] application can be downloaded from the Google Play Market.

It is preferred for logging the ambient noise level during sleep since the noise higher

than 40dB which is equivalent to the noise level of a library affects the quality of sleep

in a bad way. Furthermore, the noise level gives inference about whether the sleeper

snores. The best part of this application is that the log files can be downloaded from

the phone’s file system for further analysis. Before starting to use the application,

there are some configuration settings to be done. First we have to uncheck “Keep

Screen” option. Otherwise, the screen is kept on during the measurements and the

battery consumption increases enormously. Moreover, “Background measure” option

should be checked for the application to keep measurements after the screen is turned

off. Additionally, the user is able to change some other configurations. For the current

usage; sampling speed is 8000Hz, gain is 0dB, update rate is 0.5 seconds and calculation

period is five minutes. The images and the details about the application can be seen in

Figure 3.17. Additionally, the general noise levels for different real life situations can

be examined in Table 3.2.

Table 3.2. Known noise levels

Noise Level Place or Situation

0dB Threshold of hearing

10dB Soundproof room

20dB Very calm room

30dB Whispering words

40dB Library

50dB Interior noise in car

60dB Large stores, talking

70dB Noisy office

80dB Traffic on a busy roadway

90dB Train sound
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(a) Starting data collection. (b) Screen settings. (c) Input settings.

Figure 3.17. NoiseMeter screens.

3.2.4. RunKeeper

The Run Keeper [47] application can be downloaded from the Google Play Market.

This application is selected to track the subject when he/she is outside. It is important

to state that we are not seeking for activity details. The subject starts the Run Keeper

in the morning with the activity label “Other”. If he/she becomes stationary like

working, the application can be paused. At end of the day, the subject stops the

application and saves the current tracking data. This application gives us the total

commuting distance, the places stopped by, and the time passed outside. Moreover,

the log files can be downloaded from the server site as GPX (GPS Exchange Format)

and/or Google Earth files for further analysis. The screen details of the Run Keeper

application is given in Figure 3.18.
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(a) Starting GPS tracking. (b) Pausing/Stopping GPS

tracking.

(c) Saving GPS tracking.

Figure 3.18. RunKeeper screens.
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4. PRELIMINARY EXPERIMENTS

The evolution of the thesis can be divided into three main phases. In the first

phase, we focused on the activity tracking inside the home. For this, we utilized

the WSN composed of many sensors. With this study, we were aiming to recognize

the activities and their durations in a day. In the second phase, we focused on the

detection of the sleep behavior and quality of a person. To achieve this, we made

some modifications in our WSN. Moreover, we added smart phone applications into

the system to get more information about the sleep-related issues. In the last phase, we

added two more smart phone applications to get more information about the outside

life of a person.

4.1. Life Tracking Studies in Home

In this phase, we used a WSN composed of many sensors. The sensors included

in this study are contact sensor, force sensor, sonar distance sensor, pressure mat and

ez430-Chronos [48] watch. The sensor values are sampled and transmitted to the base

station via Arduino board and Xbee modules.

With the usage of such a system, we were planning to answer the following ques-

tions:

• How many hours a person stays outside?

• How many hours a person sleeps?

• How much time a person spends on the couch?

• What is the behavior of a person inside the home?

• What is the sleep behavior of a person?

On the other hand, the system cannot infer many information. For instance, the

activity cannot be inferred while a person is sitting on the couch. He/she might read

a book, watch TV or study his/her lessons. It is very important to decide whether
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we need the couch sitting data for life tracking studies. To recognize the activity

performed in a certain place like a couch, we have to equip the couch with many

sensors as mentioned in [4]. However, using such a system is highly user-dependent.

Furthermore, increasing the number of sensors in the system increases the complexity

and decreases the robustness. After the experimental studies, we have figured out that

we needed to evolve our system to a more user-friendly and low complex one.

4.1.1. System Deployed

The experiments were held in a real house. The contact sensor is placed on the

side of wardrobe door. The sonar sensor is placed on the inner side of the bedroom

door. Te force sensor is placed under the couch in the room. The pressure mat is

placed under the bed. Lastly, Chronos watch is worn on the wrist of the subject.

The pictures of the sensors and their placement is given in Figure 4.1 In the system,

there are two different WSNs since they communicate over different protocols. One is

composed of Xbee modules and ez430-Chronos watch communicates with its own USB

dongle. The default programs brought with the development kit of Chronos watch

are able to show the data coming from the watch but not able to log the data. For

this reason, a programming language called Processing Programming Language [49]

is used. It is a Java-based programming language, development environment, and an

online community. Simply, with the written program, called as sketch, we intervene

into the serial communication port of the connected USB dongle. With this feature,

we could use the accelerometer data for further studies on sleep.

4.1.2. Lessons Learned from the Deployments

In order to give examples about the experiment results, we added Chronos watch

data of two separate sleeps that can be inspected in Figure 4.2. The graph in the figure

shows raw accelerometer data coming from the Chronos watch. When the Chronos

watch data graph is examined, it can be easily seen that the movement of the subject

in the second day during sleep is higher than the first day. It can be said that the

subject gets a better sleep the first day. The reason of this change according to the
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(a) Sonar sensor placed on the

door

(b) Contact sensor placed on the

wardrobe door.

(c) Force sensor placed under the

couch.

(d) ez430-Chronos watch

Figure 4.1. Sensors deployed in the room.

subject’s briefing is that the subject went to the gym in the first day. As a result, we

can infer that physically-tired healthy people get a sleep with less movement.

On the other hand, the Chronos watch has many problems. During the experi-

ments, we encountered loss of connection during sleep. The probable cause is the loss

of line of sight. The subject may have put his arm under the pillow. Furthermore,

while the watch is sending data more frequently at the early stages of sleep, the density

of data sent to the computer decreases with time. Additionally, the watch disturbs the

subjects in their sleep since it is a wearable sensor and violates the unobtrusiveness of

the system. Due to problems mentioned above, we decided to change the sensor used for

collecting sleep information. In the next phase, we switched to a single accelerometer

sensor attached on the side of the pressure mat.
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Figure 4.2. Chronos watch accelerometer data of two separate sleeps.

For the sensor readings, we added a diagram for a 24-hour collected data that

can be examined in Figure 4.3. In the diagram, the pressure sensor gives an idea

about the subject’s sleep behavior. The force sensor data shows the time and duration

of the subject’s sitting on the couch. The sonar sensor gives information about the

subject’s entrance to the room and exit from the room. The distance sensor gives

information about the times the subject changes his clothes. By inspecting the graph,

we can infer the mobility of the subject inside the home. The duration spent on the

couch, his sleep/wake up time and the duration, how many times he changes clothes

can be followed with the collected sensor data. The example in Figure 4.3 starts data

collection around 21:00. The subject sits on the couch for two and a half hours. Around

23:30, he goes to the bed. During this period, the subjects enters and leaves the room

four times and opens his wardrobe four times. He sleeps for almost nine hours. When

the subject wakes up, he leaves the room probably for toileting or bath for a short time

and when coming back, he changes his clothes. During the day, he leaves the room

two times. The last times is for bath or toileting since after this event, he opens the

wardrobe door and goes to the bed.
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Figure 4.3. Force, sonar, pressure and contact sensor readings of a person for proving

the capability of activity monitoring.

However, using such a WSN is hard to maintain because there are many sensors

placed in very delicate positions. Using only the sensor data, we are not able to

recognize the activities inside the home. We can get information about the place of

the subject and the time passed on a particular place. As a result, we have decided to

remove low priority sensors. Instead, we developed an Android application that logs

the place and activity of a person periodically.

4.2. Sleep Quality Studies

Secondly, we focused on calculating the sleep quality of a person. For this reason,

we added an accelerometer to the system. It is placed on the edge of the pressure mat

aligned to the sleeper’s shoulder. The field tests were performed by two subjects for one

month duration. The sleep quality measurement is performed to achieve the sleeper’s

deep sleep and light sleep periods and durations. Due to the absence of Polysomnog-

raphy (PSG) devices, we are not able to detect sleep stages in terms of REM and

NREM. Furthermore, we developed an Android application for keeping subject’s as-

sessments about every sleep. This questionnaire scores the subject’s daily-SQI inspired

from PSQI [17]. In order to record the nocturnal noise level of the subject’s room, we
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employed the NoiseMeter application on smart phone.

4.2.1. Sleep Quality Estimation

For the sleep quality estimation, the method in [50] is applied. In this method

firstly, the collected raw accelerometer data is parsed and derivate operation which

takes the difference of consecutive sensor readings from x, y, z dimensions, is applied.

Secondly, the acceleration magnitude for each reading is calculated from the derivative

of x, y, z data. Thirdly, from the acceleration magnitude, the movement count for each

minute is calculated. In our case, individual magnitudes represent 100ms movement.

So, in order to calculate one minute movement count, the data is divided into 600

sub arrays which represent one minute. If the magnitude value is greater than accTmov

threshold, then movement count is increased by one. Finally, the smoothening function

is applied to the movement count array in order to eliminate noisy data. Smoothening

function is handled with previous and latter two readings together with the current

one. The method procedure is explained in Figure 4.4.

Since the analog-to-digital converter (ADC) in Arduino has 10-bit resolution,

the raw sensor readings can be between 0 and 1023. Also, since the accelerometer

sensitivity is ±0.03m/s2, the sensor values tend to change 4-5 out of 1023 due to the

sleeper’s respiration. The acceleration magnitude is calculated by taking the square

root of the sum of squares of x, y, z values. The threshold value accTmov can be calibrated

according to the accelerometer’s sensitivity, the sleeper’s weight and the toughness of

the bed. In our experiments, the threshold value accTmov is
√

48 for the normal weighted

subjects because the sensor readings for every dimension change 4 out of 1023 when the

sleeper does not move. If the derivate magnitude is higher than the threshold then it is

considered as movement and movement count is increased by one. The sleep analysis is

handled according to the one-minute epochs. The maximum movement count movmax

is 600 and minimum value is 0. We set movTmin threshold value to 5 to decide whether

there is a movement in a certain 1-minute period because as stated in [50], normal

people tend to make five little reflexive movements during deep sleep cycles. This

threshold should be calibrated according to the sleeper’s condition. For example, if the
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Taking the derivative of raw accelerometer data

loop

for i := 0, . . . , n do

xdrv
i ← xi+1 − xi

end for

end loop

Taking the magnitude of derivate x, y, z data

loop

for i := 0, . . . , n do

mi ← xdrv
i + ydrvi + zdrvi

end for

end loop

Calculate one minute movement

loop

for j := 0 . . . , n/movmax do

for i := j ×movmax, . . . , j ×movmax + movmax do

if mi > accTmov then

movementCount← movementCount + 1

end if

end for

movementArryj ← movementCount

end for

end loop

Smoothen one minute movement counts

loop

for i := 0 . . . , n/movmax do

ms
i ← (mi−2 × 0, 04) + (mi−1 × 0, 02) + mi + (mi+1 × 0, 02) + (mi+2 × 0, 04)

end for

end loop

Figure 4.4. Feature extraction from the accelerometer data procedure.
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Finding the SOL time from smoothened movement data

loop

solT ime← 0

for i := 1, . . . , length(ms
i )− 10 do

counter ← 0

for j := 0, . . . , 9 do

if ms
i+j ≥ movTmin then

counter ← counter + 1

end if

end for

if counter ≤ 1 then

solT ime← i

break;

end if

end for

end loop

Figure 4.5. SOL-10 method procedure.

sleeper has Parkinson’s disease, the threshold value should be increased. At this point,

we are able to extract deep sleep and light sleep cycles from the accelerometer data.

The sleep onset latency (SOL) is the time passed between a person goes to the

bed and falls into sleep. The SOL time can be found by checking the movement count

of every minute. For the SOL time calculation, we used SOL-10 method from [50]. In

this method, we check consecutive ten-minute movement data to decide whether the

person is in sleep. If there is no movement detected in a ten-minute period, the first

minute of that period is set as the time the person falls into sleep. Hence, this minute

represents the SOL time of that night. The procedure of SOL-10 method can be seen

in Figure 4.5. The total sleep duration is calculated by subtracting the time passed

in the bed from the SOL time. Moreover, if there is no movement detected during 30

minutes or more, then this period is considered as the deep sleep cycle. When this
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procedure is applied to the full night data, we can come up with the number of deep

seep cycles. Also, by summing all the deep sleep cycle durations, we can calculate the

total deep sleep duration. Finally, the difference between the total sleep duration and

the total deep sleep duration gives us the total light sleep duration. In Figure 4.6, the

result of this algorithm applied to one night sleep activity is given.

Figure 4.6. Sleep activity in one night (two sided arrows indicate deep sleep).

4.2.2. System Deployment and Data Collection

For the field tests, the sleep set is deployed in two different houses. The subjects

collected data about one month. The ages of the subjects are 23 and 25. The sleep

set is composed of the accelerometer attached to the pressure mat sensor, a central

computer with a base station and an Android smart phone. The sleep set is utilized

to inspect the subject’s nocturnal sleep activities. By using this set, we are able to

achieve the subject’s deep and light sleep durations, the deep sleep ratio and the sleep

onset latency (SOL). Especially, the deep sleep ratio is considered to be an indicator

of the sleep quality. The more detailed analysis is given in Chapter 5. The data

collection process provides 60-night sleep data. The sleep quality of each night is

classified as Good, Moderate and Bad according to the dSQI scoring A. At the end

of the experiment, there are no Bad quality sleep days. The reason could be that

the subjects are healthy young men and do not suffer from any sleep-related diseases.

Subject 1 has 21 Good quality sleeps and 9 Moderate quality sleeps. On the other

hand, Subject 2 has 24 Good quality sleeps and 6 Moderate quality sleeps.
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4.2.3. Inferences from the Experiments

The dSQI scores are calculated in a daily manner. The scoring can be found in

Appendix A. The dSQI score between 0 and 5 is labeled as Good sleep quality. The

score between 6 and 10 is labeled as Moderate sleep quality. The scores above 10 is

labeled as Bad sleep. In Figure 4.7, the sleep parameters of 60 nights collected during

the experiment from the subjects can be seen. The dSQI scores represent the perceived

sleep quality for the sleepers. The dSQI score is directly related to the number of deep

sleep cycles and the deep sleep ratio. When the number of deep sleep cycles and/or

the deep sleep ratio are decreased, the dSQI score of that night increases. For example,

in days 3, 27, 36 and 45, the deep sleep ratio and the number of deep sleep cycles are

decreased. As a result, the dSQI scores of those nights are increased resulting in worse

quality sleep. Additionally, the sleep onset latency (SOL) has an important effect on

the dSQI score. For example, in days 3, 16, 20 and 27, increase in the SOL times

results in increase in the dSQI scores. Hence, the SOL time has a negative influence on

the sleep quality. A longer SOL time results in a worse sleep quality. The experiment

shows us that the SOL time, the deep sleep ratio and the number of deep sleep cycles

are closely related to the sleep quality of a person.

Figure 4.7. The sleep parameters and the dSQI scores of subjects during experiment.
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5. SLEEP QUALITY DETERMINATION

In this chapter, the system setup explained in Chapter 3 is used to determine the

factors affecting the sleep quality of a person. Nine subjects whose ages are between 25

and 29 are involved for the field experiments. At the end of the experiments, we report

the results which explain how each feature affects the quality of sleep. The features are

sleep parameters, noise level, temperature, humidity, atmospheric pressure, locations,

the activities performed during the day, the total commuting distance during a day.

The main steps of the experiment shown in Figure 5.1 will be explained in detail below.

Figure 5.1. The main steps of the Sleep Quality Estimation mechanism.

5.1. Data Collection

For the data collection phase, the system which consists of a WSN and a smart

phone is utilized. In the WSN part, sleep data and ambient factors are periodically

sampled and transmitted to the base station when the subjects are in sleep. Besides,

RunKeeper, dSQI, WhatWhere and Noise Meter applications run on the smart phone

to collect the data when the subjects are outside as well. The sampling periods of the

sensors and the applications are given in Table 5.1.
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Table 5.1. Sampling periods of sensors.

Data Type Sensor Type Location Sampling Period

Light Level Photocell Near bed 60 seconds

Relative Humidity HIH-4030 Near bed 60 seconds

Temperature BMP085 Near bed 60 seconds

Atmospheric Pressure BMP085 Near bed 60 seconds

Pressure Mat Arun PM3 Under bed 1 second

Accelerometer ADXL335 On pressure mat 100 milliseconds

Noise Level Noise Meter App Near bed 1 second

GPS Location Run Keeper App In pocket 1 second

Activity and Place WhatWhere App In pocket 30 minutes

The sampled data from the sensor network is collected at the central computer

via a data collector application. The smart phone applications save the sampled data

on the phone’s file system. These data are transfered offline to the central computer

for further analysis. The sampled data are written to the text files in a format which

could be easily parsed. The sample log files are given in Figure 5.2. The data col-

lection process took fifteen days for each subject. Every subject is provided with the

WSN equipment, a central computer collecting data, a smart phone installed with the

necessary applications. Subjects are not manually involved during the data collection

process. The data files can be directly used by the data analysis applications without

any modification.

5.2. Data Analysis and Feature Extraction

We implemented the data analysis and feature extraction programs to interpret

the collected data. By using these programs, we can extract information about the

sleep-related values, the mean, the variance and the range of the ambient values, the

activity and place durations, and the commuting distance. Since the central computer

and the smart phone are connected to the Internet, they use the UTC time and hence,
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(a) Noise meter log file. (b) Sensor data collector log file.

(c) Runkeeper log file. (d) Whatwhere log file.

Figure 5.2. Raw sensor reading log files.

the timestamps of data in different applications are synchronized. Since nine subjects

collects data for fifteen days, there should be a total of 135 days of data. However, there

are some incomplete experiments caused by several reasons such as damaged cables,

dead batteries, or user negligence. Thus, the total number of error-free days used in

the experiment is decreased to 101 days. We use three different applications for data

analysis.

The sensor analysis application parses the given log files and calculates the noc-

turnal mean, variance, and range of ambient sensor readings including temperature,

humidity, and atmospheric pressure. Moreover, Noise Meter log files are parsed by this

application as well. The output is the mean, variance, and range of nocturnal noise

levels. Also, the accelerometer magnitude values for 100ms time slices are calculated

for sleep data analysis. The output features of data analysis are the sleep and wake

up times, the total sleep duration, the sunrise time, the sleep durations before/after

sunrise, the mean, variance, and range of noise level, temperature, humidity, and at-
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mospheric pressure values for the night.

The activity analysis program parses WhatWhere log files. We can extract in-

formation about the time spent at home, outside, and bed. The time spent in bed is

taken from the previous program’s output. Furthermore, physical, mental, social, and

leisure activity durations are calculated for each day. As listed in Appendix B, there

are many activities that a person can perform during a day. For healthier analysis,

we need to group the activities as physical, mental, social and leisure activities. Sport,

Traveling, Shopping, GettingReady, CommutingHome, and CommutingWork activities

are grouped as physical activities. Mental activities are composed of Working and

Studying. Social activities consist of Eating outside and HangingOut. Lastly, leisure

activities are comprised of WatchingTV, Relaxing, and Reading. Since WhatWhere

is a notification-based application, the details of a day and the accuracy of the col-

lected data is on subject’s responsibility. The activity analysis program outputs more

accurate and detailed results when the subject inputs more on WhatWhere.

For the sleep data analysis, the procedure explained in Figure 4.4, is executed.

With this procedure, we are able to calculate the total sleep duration, the sleep onset

latency, the deep sleep duration, and the number of deep sleep cycles for each subject’s

sleep.

The raw data including the commuting distance during a day for each person is

taken from RunKeeper application’s server site. Also, the GPS location log files can

be downloaded for further analysis. All the durations in feature list are given in terms

of minute. The full set of feature list can be seen in Table 5.2.

5.3. Inferences from Data Visualization

In this section, we plot collected data only for per subject and report only vi-

sually available inferences without applying any feature selection mechanism. Hence,

the figures given in this section provide limited information about the relation between

the sleep quality and the features. In the next section, we will apply feature selec-
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Table 5.2. Full set of features.

Deep Sleep Ratio (% ) Sleep Duration (min)

Sleep Onset Latency (SOL) (min) Number of Deep Sleep Cycles

Total Deep Sleep (min) Sleep Duration Before Sunrise (min)

Sleep Duration After Sunrise (min) Commuting Distance (km)

Mean Temperature (◦C) Mean Humidity (% )

Mean Atmospheric Pressure (atm) Mean Noise Level (dB)

Variance of Temperature (◦C) Variance of Humidity (% )

Variance of Atmospheric Pressure (atm) Variance of Noise Level (dB)

Range of Temperature (◦C) Range of Humidity (% )

Range of Atmospheric Pressure (atm) Range of Noise Level (dB)

Time spent home (min) Time spent outside (min)

Time spent in bed (min) Physical Activity Duration (min)

Mental Activity Duration (min) Social Activity Duration (min)

Leisure Activity Duration (min)



53

tion algorithms which consider all the available data and hence provide more accurate

information about this relation.

All the subjects employed in the data collection process are currently working.

The activity and place durations of Subject 1 for sixteen days are given in Figures

5.3 and 5.5, respectively. The activity and place durations of Subject 1 for sixteen

days are given in Figures 5.4 and 5.6, respectively. These durations are meaningful

for one person’s daily living, therefore they are reported only for Subject 1 and 5

separately. Note that the days 4, 5, 11, and 12 of Subject 1 and the days 1, 2, 5, and 6

of Subject 5 are weekend days. For instance, in Figure 5.3, it can be seen that mental

activity durations for the days 4, 5, 11, and 12 are zero since Subject 1 does not work

at weekends. Furthermore, place duration values for the same subject do not have

significant differences between weekdays and weekends since Subject 1 is an outgoing

person at weekends as shown in Figure 5.5. On the other hand, place duration values of

Subject 5 for the days 1, 2, 5, and 6 are zero as shown in Figure 5.6 since Subject 5 does

not go out at weekends. This fact can be also be seen from the commuting distances

given in Figure 5.7. Subject 5 does not go out at weekends whereas the commuting

distances of Subject 1 for the days 4, 11, and 12 are higher compared to the weekdays.

The daily sleep parameters of Subject 1 and Subject 5 are shown in Figures 5.8 and 5.9,

respectively. As seen in these figures, although a person is working during weekdays

and not working during weekends, this does not show any obvious implication on the

subject’s sleep quality. Besides, some subjects prefer staying home at weekends, others

can prefer going out, while some subjects sleep more than the others at weekends.

However, these behaviors do not imply that those subjects get better quality sleep. As

a result, we can say that the sleep quality is not only affected by the subject’s lifestyle

but also depends on other factors. Feature selection algorithms which consider all the

available data and hence provide more accurate information about the factors affecting

the sleep quality will be applied.



54

Figure 5.3. Activity durations of Subject 1 for 16 days.

Figure 5.4. Activity durations of Subject 5 for 10 days.
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Figure 5.5. Place durations of Subject 1 for 16 days.

Figure 5.6. Place durations of Subject 5 for 10 days.
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Figure 5.7. The commuting distances of Subject 1 and 5.

The visual representations of sleep parameters of Subject 1 and 5 are given in

Figures 5.8 and 5.9, respectively. It can be observed that the deep sleep duration

decreases when the sleep onset latency and/or the sleep duration after sunrise increase.

For instance, in days 2 and 12, subject’s SOL times are increased resulting in lower

deep sleep durations. As other examples, in days 3, 10 and 11, the sleep durations

after sunrise are increased because those days are the subject’s off days. As a result,

his deep sleep duration decreases dramatically in comparison to the previous days.

Moreover, the SOL time is the time passed for a subject between going to bed and

falling into sleep. A short SOL time generally indicates that the subject is quite ready

to fall into sleep, most likely he/she gets tired with various activities during the day.

These observations show that the deep sleep ratio is dependent on the sleep duration,

the sleep onset latency (SOL) and the sleep duration after sunrise.

The deep sleep ratios of Subject 1 and 5 are given in Figure 5.10. This figure

shows us that the sleep duration does not determine the sleep quality just by itself.

For instance, on days 1, 2, and 5 for Subject 5 the deep sleep ratios are not higher

compared to the other days, although, Subject 5 sleeps longer than the other days.
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Figure 5.8. Sleep parameters of Subject 1 for 16 days.

Figure 5.9. Sleep parameters of Subject 5 for 10 days.
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Figure 5.10. The deep sleep ratios of Subject 1 and 5.

The daily deep sleep ratios and the ambient values such as temperature, humidity,

pressure, and noise level are given in Figure 5.11. The figure does not yield any obvious

relation about the deep sleep ratio and the ambient factors. Hence, some technical

methodologies such as machine learning algorithms should be used to find out the

features affecting the sleep quality of a person.

The nocturnal ambient noise levels for two different subjects are given in Figure

5.12. It is known that Subject 5 is a snoring person and both subjects sleep in similar

calm rooms. The visual data shows that the ambient noise level of Subject 5 is higher

than that of Subject 1 and hence confirms that Subject 5 is a snoring person. Besides,

the noise level fluctuates continuously during the night for snoring subjects. The higher

noise levels at the start and the end of the night may indicate subject’s movements

before and after the sleep and an alarm clock set.

All the subjects participated in this study sleep in a calm room except Subject 5

since he is a snoring person and this results in a higher noise level. Moreover, as it can

be seen in Figure 5.13, the average of daily noise levels does not change significantly.
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Figure 5.11. The deep sleep ratios and the ambient values of Subject 1 for 16 days.

Figure 5.12. Snoring example of 2 different subjects for 1 day.
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Figure 5.13. Mean noise levels(dB) of all subjects during experiments.

5.4. Feature Selection Algorithms

In this section, feature selection algorithms that are used to acquire the most

important features for predicting the sleep quality of a person are explained. These

algorithms include the decision tree, the correlation coefficient, and the sequential

feature selection. Nocturnal dSQI score is calculated daily from the dSQI questionnaire

application. The purpose of the feature selection is to find out the factors affecting

the dSQI score and hence, the prediction target for all the algorithms is set to the

nocturnal dSQI score.

5.4.1. Decision Tree for Feature Selection

A decision tree is constructed as a decision support tool to make predictions as

new data arrives. The tree consists of rules and prediction results. The root node is

the most important rule for classifying the data. The intermediary branches classify

the data by making use of their rules. Each branch descending from a node represents
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the values of the feature in that node. The leaves represent the decision results for the

data given to the decision tree. Decision trees are widely used in artificial intelligence,

data mining and machine learning areas. The basic algorithm for decision trees is the

greedy algorithm constructing the model in a top-down recursive divide-and-conquer

manner [51]. Classification generation is completed when all the tuples in a subset

belongs to the same class or the further separation can not be made.

In the decision tree, generally entropy-based measurement called as information-

gain is used to select the attribute for the best separation of the training data. More-

over, entropy could be defined as the purity in a data set. For instance, the entropy

is zero when all the data belongs to the same class. A simple decision tree algorithm

yields only one decision tree for an example data set, though there may be multiple

trees consistent with the data. An example implementation of decision tree is ID3 [52]

which is biased in that it tends to prefer attributes with higher number of data. Hence,

we preferred to use the C4.5 implementation [52] since this bias is suppressed by using

an alternative measures called the Information Gain Ratio and the Split Information.

Accuracy of the decision tree might degrade in cases where there is a lot of noise

associated with the training data and/or the number of training data is small. To

eliminate this over-fitting problem, the C4.5 uses the post-pruning method [51]. The

C4.5 creates an initial decision tree and performs post-pruning operation on this tree.

This operation optimizes the tree by removing some nodes or subtrees from the original

tree.

5.4.2. Correlation Coefficient Algorithm for Feature Selection

The correlation coefficient can be used to measure the inter-dependency of two

random variables. The value of the correlation coefficient lies in between +1 and −1. If

the coefficient value is +1, the variables are positively correlated at a maximum level.

If the value is 0, then there is no correlation between them. If the value is −1, then

they are negatively correlated at a maximum level. In this thesis, Pearson’s correlation

coefficient technique is used [53].
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Assuming we have an n-by-m data matrix, the number of rows n represents

the same type of distinct data and the number of columns m represents the different

features of the data. After applying the correlation coefficient analysis to this data

set, the result is the m-by-m matrix representing the correlation values of the features.

Since, at the beginning, we have m features and hence the resultant matrix is an m-by-

m matrix. The element of column i and row j in the resultant matrix is the correlation

value between the features i and j. Additionally, the matrix is diagonally symmetric

since the correlation between features i and j is represented both in m(i,j) and m(j,i).

Moreover, the diagonal values are always 1 since every feature is maximally correlated

by itself. The feature selection can be performed according to values in the matrix

since those values are the covariance of the two features. If those features are highly

correlated, then their covariance value is closer to ±1.

5.4.3. Sequential Feature Selection

Sequential Feature Selection (SFS) can be defined as the elimination of features

which yields no information for the model’s classification of the data. SFS in the

forward selection mode starts with an empty set of features and sequentially adds

important features according to a specific evaluation function. This recursive selection

stops when the selection criterion is reached. On the other hand, SFS in the backward

selection mode starts with the full set of features and sequentially eliminates irrelevant

features according to a specific evaluation function. The time complexity of elimination

process is higher compared to the forward version of SFS [54]. At the end of the

selection, the new feature set should perform the classification of the data with a

minimum error [55]. The advantages of SFS are its simplicity and fast convergence

time [56]. In our study, SFS in the forward selection mode is preferred since it is faster

than the backward selection.

5.5. Implementation of Feature Selection Algorithms and Results

Our data set is composed of 101 separate days because there are some erroneous

days that needed to be removed from the data set. When the dSQI scores are examined,
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it has been seen that there are no Bad sleep days in the data set. This shows us that

the sleepers involved in the data collection do not suffer from sleep-related diseases and

do not have any sleep disorders. Hence, the feature selection methods are applied to

the data with two classes as Good and Moderate.

5.5.1. Decision Tree-based Feature Selection

For the feature selection part, we make use of CART [57] which is an implementa-

tion of C4.5 in MATLAB. The algorithm results in a five-node decision tree as shown

in Figure 5.14 using the data of 101 days. The attributes utilized for creating the

rules are Leisure Activity Duration, Mean Noise, Variance of Temperature, Sleep Onset

Latency, and Sleep Duration. The Leisure Activity Duration is the most significant

feature affecting the sleep quality of a person. The Mean Noise and the Variance of

Temperature are the second significant features.

Figure 5.14. Decision tree for the sleep quality determination.
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From the Figure 5.14, if the daily Leisure Activity Duration is less than 355.5 min,

the sleep quality of person can be classified as Good if the Mean Noise level is less than

39.65 dB, otherwise it is classified as Moderate. When the duration of leisure activities

such as watching TV and relaxation times increases; the perceived sleep quality of a

person decreases. Thus, we can conclude that if a person does not engage in mental

and/or physical activities, the quality of sleep for that night decreases. This situation

explains the reason of increase in the dSQI score of Subject 8 on weekends since he

prefers to stay home during weekends. Besides, the increase in the noise level of the

room influences the sleep quality in a negative way. As an example, in our experiments

we have detected that Subject 5 snores during his sleep. Also, the overall dSQI score

is higher than the other participants. As indicated by the decision tree, his poor sleep

quality is due to the ambient noise level in his bedroom.

According to the decision tree, if the daily Leisure Activity Duration is higher

than 355.5 min, the Variance of Temperature is higher than 0.06◦C, and the Sleep

Duration is higher than 305min, the dSQI score of a person can be classified as Good.

The variance of ambient temperature turns out to be an important feature affecting

the sleep quality of a person. Yet, the variance of temperature at the level of 0.006◦C

looks very small since we believe that humans are most likely not able to sense this

much change in the temperature.

5.5.2. Correlation Coefficient-based Feature Selection

The input data is normalized to the range 0-1 because the order of magnitudes

of the features are different. The input data matrix has 28 columns since we have

27 features from the experiments and one more column for the dSQI classes. Note

that dSQI classes are obtained through the dSQI questionnaire application while the

other features are obtained from the WSN and the smart phone. We used Pearson’s

correlation coefficient algorithm in MATLAB to obtain the correlation matrix whose

size is 28-by-28. The last column or the last row in the correlation matrix shows

the level of correlation between the dSQI classes and the features. The correlation

coefficients whose absolute values are higher than 0.1 are shown in Table 5.3. These
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are the eight most important features which affect the sleep quality.

Table 5.3. The most important features and correlation coefficients.

Feature Name Correlation Coefficient

Sleep Onset Latency (SOL) (min) 0.3086

Commuting Distance (km) 0.2726

Leisure Activity Duration (min) 0.2555

Variance of Humidity (% ) 0.2319

Sleep Duration After Sunrise (min) 0.171

Number of Deep Sleep Cycles -0.1539

Social Activity Duration (min) -0.1533

Deep Sleep Duration (min) -0.1458

We observed that the SOL duration is the most important feature affecting the

sleep quality with the correlation coefficient of 0.3086. This means that when the SOL

duration increases, the dSQI score increases resulting worse sleep quality. Further-

more, the Commuting Distance has come out as the second important feature affecting

sleep quality with the correlation coefficient of 0.2726. The increase in the commuting

distance causes an increase in the dSQI score. Hence, we can say that the Commut-

ing Distance has negative influence on the sleep quality of a person. Moreover, the

Leisure Activity Duration is positively correlated with the dSQI score and its correla-

tion coefficient is 0.2555. So, it has negative influence on the sleep quality of a person.

Remember that Leisure Activity Duration is reported as the most important feature

affecting the sleep quality in the decision tree as shown in Figure 5.14. On the other

hand, the Number of Deep Sleep Cycles and the Deep Sleep Duration features are neg-

atively correlated with the dSQI score. Thus, these features have positive influence on

the sleep quality of a person.
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5.5.3. Sequential Feature Selection

The MATLAB implementation of Sequential Feature Selection (SFS) in the for-

ward selection mode is utilized to obtain the most significant features affecting the

sleep quality. We prefer the forward selection mode because it is reported in literature

as faster algorithm than the backward selection mode [54]. Since 10-fold cross valida-

tion technique is used for the selection criteria, the selection operation is performed

ten times. The outcome of the SFS analysis is the set of features which classify the

data set with the minimum error rate according to the dSQI classes. The resultant

feature list is composed of Sleep Onset Latency (SOL), Deep Sleep Cycles, Deep Sleep

Duration, Sleep Duration Before Sunrise, Sleep Duration After Sunrise, Leisure Activ-

ity Duration, and Variance of Humidity. These results indicate that there are multiple

features affecting the sleep quality of a person. According to the SFS analysis, the

quality of sleep is affected by five sleep-related features. It is also affected by the daily

activities of a person such as Leisure Activity Duration and the ambient factors of the

sleep room such as Variance of Humidity.

To sum up, we performed three feature selection algorithms namely the decision

tree, the correlation coefficient and the sequential feature selection to find the features

which affect the sleep quality of a person for each algorithm is given in Table 5.4. The +

entry means that this feature is selected as an important feature by the corresponding

algorithm. As it can be seen from the table, only the Sleep Onset Latency and the

Leisure Activity Duration features turned out to be significant for all the algorithms.
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Table 5.4. Feature list affecting the sleep quality of a person.

Feature Name Decision Tree Corr. Coef. SFS

Sleep Onset Latency (SOL) (min) + + +

Number of Deep Sleep Cycles - + +

Deep Sleep Duration (min) - + +

Sleep Duration (min) + - -

Sleep Duration Before Sunrise (min) - - +

Sleep Duration After Sunrise (min) - + +

Mean Noise (dB) + - -

Variance of Temperature (◦C) + - -

Commuting Distance (km) - + -

Leisure Activity Duration (min) + + +

Social Activity Duration (min) - + -
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6. CONCLUSION

In the field of activity tracking studies, WSNs are preferred due to their low

cost and low power consumption while smart phones are used because of higher com-

putational power and portability for a variety of applications. The challenge is the

development of a system which has an ability to track and monitor the inside and

outside activities for all day long. In the literature, there are many systems which can

track either inside or outside activities. To develop a seamless activity tracking system,

sleep is another important activity which should not be disregarded since people spend

one-third of their lives in sleep. The WSNs are generally preferred for collecting the

environmental and sleep data while the smart phones are preferred for tracking the

outside activities. Furthermore, systems developed for activity tracking studies should

take the user’s privacy issues and unobtrusiveness into account. Otherwise, people

would not prefer such systems or become reckless for a careful usage.

In this thesis, we proposed a seamless activity tracking system which covers 24

hours of a person including his/her sleep behaviors. For the data collection phase, the

system which consists of a WSN and a smart phone is utilized. In the WSN, there are

two separate micro-controllers for collecting nocturnal ambient factors and sleep stage

identification. On the other hand, in the smart phone there are four applications.

RunKeper and WhatWhere are used to collect data about outside activities while

Noise Meter and dSQI are used to collect sleep-related data. For the experiments, we

employed nine people for fifteen days.

The main purpose of this study is to determine the factors which affect the sleep

quality of a person. For this reason, we applied the decision tree, the correlation coeffi-

cient, and the sequential feature selection algorithms to the collected data. The target

values are the dSQI classes which demonstrate a person’s perceived sleep quality. Using

the decision tree analysis, Leisure Activity Duration, Mean Noise, Variance of Tem-

perature, Sleep Onset Latency, and Sleep Duration are reported as significant features

affecting the sleep quality. According to the correlation coefficient analysis, Sleep Onset



69

Latency, Leisure Activity Duration, Commuting Distance, Variance of Humidity, Sleep

Duration Before Sunrise, Sleep Duration After Sunrise, and Social Activity Duration

turn out to be significant features. The sequential feature selection analysis yields

that Sleep Onset Latency, Number of Deep Sleep Cycles, Deep Sleep Duration, Sleep

Duration Before Sunrise, Sleep Duration After Sunrise, Leisure Activity Duration, and

Variance of Humidity affect the sleep quality. As a result, only two features namely

the Sleep Onset Latency and the Leisure Activity Duration are reported as important

features in all three algorithms for their effects on the sleep quality.

In this thesis, we demonstrated that the sleep quality of a person depends on

several ambient factors and daily activities by collecting 24-hour multi-modal data.

Prior studies utilize only limited information such as accelerometer and pressure sensor

data. However, we showed that the ambient factors and the daily activities should be

considered as well. Our experiments demonstrated that several ambient parameters

and life style choices are highly correlated with the sleep quality. In our study, we

collected data from people of similar ages. Since people involved in the experiments do

not have any sleep-related disorders, the collected data is not uniformly distributed.

As opposed to similar studies in the literature which use only Actigraphy in sleep

quality estimation, we took a holistic approach and showed that nocturnal ambient

factors and activities performed during the day are also important in sleep quality

together with sleep-related factors. As a future work, a more diverse participant set

including the elderly and people suffering from sleep disorders can be studied for a

more comprehensive evaluation of the determinants of the sleep quality.
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APPENDIX A: DSQI SCORING SCHEME

PSQIDURAT (DURATION OF SLEEP)

IF Q4 > 7, THEN set value to 0

Q4 < 7 and ≥ 6, THEN set value to 1

IF Q4 < 6 and ≥ 5, THEN set value to 2

IF Q4 < 5, THEN set value to 3

Minimum Score = 0 (better); Maximum Score = 3 (worse)

PSQIDISTB (SLEEP DISTURBANCE)

Each of Q6 subquestions scores 1 if answer is Yes, 0 otherwise

IF Q6b + Q6c + Q6d + Q6e + Q6f + Q6g + Q6h + Q6i = 0,

THEN set value to 0

IF Q6b + Q6c + Q6d + Q6e + Q6f + Q6g + Q6h + Q6i > 1 and < 2,

THEN set value to 1

IF Q6b + Q6c + Q6d + Q6e + Q6f + Q6g + Q6h + Q6i ≥ 3 and ≤ 5,

THEN set value to 2

IF Q6b + Q6c + Q6d + Q6e + Q6f + Q6g + Q6h + Q6i ≥ 6,

THEN set value to 3

Minimum Score = 0 (better); Maximum Score = 3 (worse)

PSQILATEN (SLEEP LATENCY)

First, recode Q3 into Q3new thusly

IF Q3 ≥ 0 and ≤ 15, THEN set value of Q3new to 0

IF Q3 > 15 and ≤ 30, THEN set value of Q3new to 1

IF Q3 > 30 and ≤ 60, THEN set value of Q3new to 2

IF Q3 > 60, THEN set value of Q3new to 3

Check If Q3new = 2 and Q6a = Yes. If so, set Q3new = 3

Finally PSQILATEN = Q3new
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PSQIDAYDYS (DAY DYSFUNCTION DUE TO SLEEPINESS)

IF Q8 = Yes then Q8 = 2 else Q8=0

Q10 is in the range 0-3

IF Q8 + Q10 = 0 THEN set value to 0

IF Q8 + Q10 ≥ 1 and ≤ 2, THEN set value to 1

IF Q8 + Q10 ≥ 3 and ≤ 4, THEN set value to 2

IF Q8 + Q10 = 5, THEN set value to 3

Minimum Score = 0 (better); Maximum Score = 3 (worse)

PSQIHSE (SLEEP EFFICIENCY)

Diffsec = Difference in seconds between day and time of day Q1 and day Q2

Diffhour = Absolute value of diffsec / 3600

newtib = IF diffhour > 24, then newtib = diffhour – 24

IF diffhour ≤ 24, THEN newtib = diffhour

tmphse = (Q4 / newtib) * 100

IF tmphse ≥ 85, THEN set value to 0

IF tmphse < 85 and ≥ 75, THEN set value to 1

IF tmphse < 75 and ≥ 65, THEN set value to 2

IF tmphse < 65, THEN set value to 3

Minimum Score = 0 (better); Maximum Score = 3 (worse)

PSQISLPQUAL (OVERALL SLEEP QUALITY)

Q9

Minimum Score = 0 (better); Maximum Score = 3 (worse)

PSQIMEDS (NEED MEDS TO SLEEP)

Q7

If yes THEN set value 2 ELSE set value 0
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PSQI SCORE

DURAT + DISTB + LATEN + DAYDYS + HSE + SLPQUAL + MEDS

TOTAL ≤ 4 good sleep quality

4 < TOTAL < 9 moderate sleep quality

TOTAL ≥ 9 poor sleep quality

Minimum Score = 0 (better); Maximum Score = 20 (worse)



73

APPENDIX B: WHATWHERE CONFIGURATION FILE

Places:

− Home

− Work

− Gym

− Road

− Mall

− Bar

− Restaurant

− Other

Activities:

− GettingReady

− CommutingWork

− CommutingHome

− Working

− Traveling

− Sport

− Studying

− WatchingTV

− Shopping

− HangingOut

− Relaxing

− Reading

− Eating

− Other

TimerInterval 1800000
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