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Abstract of the Dissertation

Energy Awareness in
Mobile Wellness Applications

by

Sungwon Yang

Doctor of Philosophy in Computer Science

University of California, Los Angeles, 2014

Professor Mario Gerla, Chair

The advancement and proliferation of mobile devices and wearable sensors are

changing the paradigm of personal wellness monitoring and chronic condition

management. Mobile wellness monitoring is a promising service in the era of

Internet of Things, however, there exist technical issues to be addressed. En-

ergy e�ciency is one of the basic essentials in the applications running on mobile

devices of which power source is a limited capacity of battery. This study inves-

tigates techniques that focus on reducing energy consumption in mobile wellness

monitoring applications. We divide the monitoring system into three levels (i.e.,

application level, sensor level, and gateway level) and explore the energy saving

methods at each level.
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CHAPTER 1

Introduction

The widespread adoption and use of mobile technologies combined with the ad-

vancements in miniaturization of portable medical sensors are opening new and

innovative ways to improve personal wellness and health care delivery. As mobile

devices become more computationally powerful and the cellular data networks

become more ubiquitous, mobile wellness applications running on mobile devices

(i.e., smartphones and tablet PCs) have been achieving a rapid growth. Accord-

ing to industry estimates, 500 million smartphone users worldwide will be using

a health care application by 2015, and by 2018, 50 percent of the more than 3.4

billion smartphone and tablet users will have downloaded mobile health applica-

tions.

Personal mobile wellness applications traditionally adopt the three-tier archi-

tecture illustrated in Figure 1.1, which consists of 1) body-area wearable portable

sensors, 2) a gateway device capable of connecting with the sensors via wire-

less interfaces, and 3) a remote monitoring center where further analyses are

conducted. For the gateway device at the second tier, dedicated devices are ini-

tially proposed, however, smartphones have taken over the dedicated devices as

smartphones technologically evolve rapidly in terms of computing power (e.g.,

modern smartphones are equipped with quad-core CPU and Giga-Byte RAM)

and wireless connectivity (e.g., Wi-Fi and 3G/LTE networks). As a result of

the advancement of smartphones, there is variation in the architecture of mobile

wellness applications. Modern smartphones also have a number of embedded sen-
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sors such as Inertial Measurement Units (IMUs) (i.e., accelerometers, gyroscopes,

and magnetometers), ambient light sensor, proximity sensor, microphone, camera,

barometer, and even Electrocardiography (ECG) sensor. Diverse sensors and the

improvement in computing resources make it possible some wellness applications

can run on a mobile device without external portable sensors. As a result, de-

pending on the application types, the architecture of wellness applications can be

two-tier or even standalone.

Gateway'

Raw  
Sensor Data 

Body'Sensors'

Pre-processed 
Sensor Data/

Event 

Internet 
Servers 

Tier'1'
BAN/PAN'

Tier'2'
WLAN/GPRS'

Tier'3'
Network'

Infrastructure'

Emergency 
Message 

Analyzed 
Medical 

Information 
Analyzed 
Medical 

Information 

Figure 1.1: Mobile Health Monitoring Systems

Energy-e�ciency must be achieved or at least taken into account when de-

veloping such mobile wellness applications of which goal is to improve people’s

wellness and properly and promptly cope with emergency situations. Regardless

of the architecture types, it is obvious to save energy and prolong the battery

lifetime since such applications run on mobile devices. In other words, the system

is battery operated and the battery capacity is limited. Another reason why en-

ergy e�ciency must be carefully considered is because smartphones are used for

the gateway devices. In case of a dedicated device, any aggressive energy saving

2



methods can be employed. For example, a scheme, which switches everything into

sleep mode when no operations are required, can be used. However, in case of a

smartphone, it cannot simply go into sleep mode since other applications share

its resources.

Along with e↵orts from device manufacturers to provide more energy-e�cient

hardware and batteries, energy awareness on the software side is necessary. This

dissertation explores energy awareness in mobile wellness applications. We divide

such applications into three levels (i.e., application level, sensor level, and gateway

level) and present the energy saving methods at each level.

• Application level energy awareness: There are two main directions for

reducing energy consumption at an application level. First direction is to

enable applications to adapt to runtime environment or accuracy require-

ment. In this approach, compromised level of accuracy degradation can

occur. However, it is acceptable as long as the application satisfies pre-

defined Quality of Service. Another approach is to develop interfaces for

applications to provide hints to other layers of software stack. Modern mo-

bile devices are equipped with multiple sensors and they can be used to

provide useful information that possibly leads to energy saving. Detection

of movement using accelerometers to adjust duty cycles of sensors is one

example of this approach.

• Sensor level energy awareness: Data compression is an e↵ective method

to save energy at a sensor level since in most cases wireless data transmis-

sion consumes more energy than data processing. E�cient data compres-

sion methods that are specially designed for physiological signals can achieve

high compression ratio while preserving clinical quality. Compressed Sens-

ing (CS) is an emerging technique that enables original signals to be recon-

structed from a small number of measurement samples. If this technique

3



is properly used, massive amount of energy can be saved at sensors, espe-

cially in case of a sensing unit consumes much energy than other parts of

the sensor.

• Gateway level energy awareness: One of the problems of a smartphone

as a gateway device is that the phone is also used for other applications.

Background processing and background wireless data exchange by other

applications are the hidden factors that consume battery. Most mobile ap-

plications are unaware of the wireless transmission energy characteristics,

where the energy consumption is not proportional to the size of the ex-

changed data. This unawareness often results in applications performing

undisciplined transmissions even without user interaction. In particular, the

background tra�c created by many applications with their own schedules

leads to high energy consumption. A method that schedules the background

tra�c in an energy-e�cient way with minimized impact on the quality of

user experience can consolidate smartphones as a gateway device in mobile

wellness service systems.

1.1 Contribution

The contributions of this study are as follows:

1. We introduce two mobile wellness applications and show how energy con-

sumption can be reduced at application level techniques. StrokeTrack is a

rehabilitation application for stroke patients. This application helps patients

who recover from stroke by providing e�cient motion tracking solution for

home rehabilitation. Due to the characteristics of home rehabilitation ther-

apy, such systems must be constrained in cost and interface hardware. We

show that this kind of mobile application can be e�ciently developed by

adopting application-specific computationally inexpensive motion tracking

4



algorithms. Another example application is EyeGuardian. This tablet PC

application helps preventing users from Computer Vision Syndrome (CVS).

A front-facing camera of a mobile device keeps track of the user’s eye blink-

ing rate so that it can encourage the user to blink frequently enough. In

this application, we use information obtained from the embedded IMUs to

estimate the position of eyes in the next image frame. Correct estimation

prevents eye blink detection task from processing entire image frame. Since

image processing time is proportional to the image size, properly selected

small region out of full image can reduce image processing time, leading to

less energy consumption.

2. We present an e↵ective data compression technique that is specially designed

for physiological signals such as ECG or Photoplethysmography (PPG). The

compression algorithm, “Critical Markers” method, is based on detection of

peaks and valleys in the original signal. When used in conjunction with ex-

isting transformation-based compression methods, the critical markers cor-

rects the distortions without compromising the fidelity of the compressed

output. The critical markers can also be used standalone to replace existing

compression methods in certain types of diagnosis, thus reducing line and

processor overhead. For more aggressive energy saving at a sensor level, we

also investigate the applicability of Compressive Sensing technique to hu-

man movement signals. We investigate the nature of various human body

movements and examine the performance of the CS framework in terms of

the energy savings in a real testbed.

3. We investigate how to save energy at a gateway device (i.e., smartphone)

by actively rescheduling the background tra�c that is initiated by many

applications other than the dedicated wellness application. In particular, we

exploit mainly two information: 1) Wi-Fi availability prediction information

based on the users’ daily mobility pattern and 2) background tra�c profiles

5



that is built based on the end-to-end connection statistics.

1.2 Outline

This dissertation is organized as follows:

• Chapter 2 presents two mobile wellness applications and the methods to

reduce energy consumption at application levels. In particular, for Stroke-

Track application, we apply Complementary filter instead of Kalman filter

to correct the kinetic information involving the inherent integration drift of

IMUs. For EyeGuardian, we use IMUs to predict the eye position in the

camera frame to reduce the size of image to be processed.

• Chapter 3 explores data compression methods that can be applied at sensor

levels of mobile wellness applications. First, we present a simple yet e↵ec-

tive feature-extraction based physiological data compression method and

then show how Compressive Sensing can be applied to accelerometer and

gyroscope sensors used for human movement measurements.

• Chapter 4 provides an energy saving technique at a gateway level, which

is a location-based background tra�c scheduling method. For a localization

method that can provide location information on mobile devices, we also

present FreeLoc, a calibration-free crowdsourced localization technique.

• Chapter 5 concludes the work presented in the dissertation.

6



CHAPTER 2

Application-specific Energy E�ciency

2.1 EyeGuardian: A Framework of Eye Tracking and Blink

Detection for Mobile Device Users

2.1.1 Introduction

“The information age has taken a toll on our eyesight” says Je↵rey Anshel, an op-

tometrist in Carlsbad, California, and president of Corporate Vision Consulting,

which advises employers on vision issues [1]. According to the American Opto-

metric Association (AOA), 90% of employees who use computers at least three

hours a day experience vision problems.

Normal vision requires a moist ocular surface, and blinking is essential for this

reason [102]. However, reading information on a computer screen often increases

burden on the human eyes. To adapt to this screen-saturated viewing situation,

people tend to blink less than usual. Tears covering the eyes evaporate more

rapidly during long non-blinking phases, resulting in dry eyes. The smaller size

and lower resolution the display, the more burden on the eyes. Computer Vision

Syndrome (CVS) is a set of eye and vision related problems that results from

prolonged use of computers. Staring at a computer screen, smartphone, or tablet

PC leads to a significant reduction of spontaneous eye blink rate due to the high

visual demand of the screen and mental concentration on computer work [109].

The symptoms of CVS include eye irritation, such as dry eye; red, itchy, and

watery eyes; fatigue, including heaviness of the eyelids or forehead; and di�culty

7



in focusing the eyes. Other symptoms of CVS are headaches, neck aches, backaches

and muscle spasms.

Mobile devices such as smartphones or tablet PCs have already become ubiq-

uitous. Recently, it has been increasingly common for people to check e-mail,

browse on the Internet, watch movies, and even read books on their portable

devices. People are indeed exposed to the CVS not only in the o�ce but also

elsewhere. To protect people who spend much time on mobile devices from this

problem, we propose a non-intrusive application that keeps track of the eye blink

rate of the mobile device users. If the blink rate is less than desired, the appli-

cation nudges the user to blink often by vibrating, or modulating the brightness

of the screen. To the best of our knowledge, this is the first study that tries

to alleviate the CVS in a mobile computing environment. To achieve this goal,

a light-weight yet accurate eye detecting and tracking technique specialized for

mobile devices is essential.

Eye tracking and blink detection algorithms using a general video camera have

been extensively studied in the literature. However, most of them assumed that

the user is always gazing at the screen, and the eyes of the user are always in

the video camera frames. The existing techniques are inadequate for a mobile

device since frequent changes in device position due to the user movements lead

to frequent absence or position changes of the eyes in the video frame.

EyeGuardian is a simple yet e↵ective technique using a built-in 3-axis ac-

celerometer to help e�ciently track the user’s eyes in mobile environment. The

eye location is predictable in the continuous video images by fusing the accelerom-

eter and orientation readings from the device. By eliminating unnecessary region

where the eyes rarely exist in the images, we achieve a real-time eye tracking and

blink detection on the mobile device even under a dynamic environment. We

have implemented the proposed algorithm on a Tablet PC and evaluated its per-

formance. Extensive real experiments in various usage scenarios confirm that our
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technique is adequate for detecting and tracking eyes in the mobile environment.

2.1.2 Application Design

In this section, we review existing eye detection algorithms and explain why they

are inadequate for measuring the eye blink rate on a tablet PC. We then pro-

pose a technique that e�ciently detects and tracks eyes via built-in accelerometer

readings.

2.1.2.1 Static vs Dynamic Environment

Previously proposed eye detection applications using a general video camera as-

sumed static usage environment where the camera is fixed and the user is rarely

out of center of the camera frame. Moreover, they were developed as a form of

HCI, therefore, they did not account for the situation when the user’s eyes are

o↵ the camera. Under this use case, for e�ciency, most of the implementations

have tried to detect the user’s face first because it is a much easier problem than

detecting the eyes. Once the face is detected, then, the region where the two eyes

are expected is defined in order to reduce the processing overhead. We call this

first phase as the “Detection Phase”. After the eye is detected in the previously

defined region, another region based on the detected eye location is defined for

e�cient eye tracking. The new region, called “Search Region”, is bigger than the

detected eye region but much smaller than the entire frame, and from this mo-

ment on, the Search Region is regarded as the new image frame. This frame size

reduction leads to a speed boost because it searches the eye only inside of small

region instead of searching in the entire image frame. We call this the “Tracking

Phase”.

This two-phase approach works well in the static environment. However, mo-

bile devices are used in “mobile environment” where both the user and the device
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are moving continuously, leading to the following two problems. Firstly, the user’s

face and both eyes cannot be guaranteed to be included in the entire camera frame

at the same time. Secondly, in dynamic environment, the eye location in the next

frame cannot be guaranteed to be found in the expected Search Region of the

current frame. When this happens, the existing algorithms search for eyes in the

entire image frame again. This leads to many misses of blink detection due to the

severe processing delay to detect the eyes. Since the user does not intentionally

try to be included in the camera frame while non-camera applications are used,

the two problems indeed matter. For this reason, the two-phase technique cannot

be directly applied to our case.

2.1.2.2 Region of Interest (ROI) Prediction

Due to the first aforementioned problem, we remove the face detection step. Our

application only searches eyes in the camera frame. In addition, the probability

that the Tracking Phase fails to locate the eye position is higher in the mobile

environment. Thus, the increased processing time becomes the primary problem

in our application. Therefore, a technique that can reduce the size of the region

in which we search for the eyes is necessary. Figure 2.1 shows the processing

time for eye detection using Haar Cascade Classifiers method [33,62] with QVGA

(320X240) resolution in respect of the frame size. The processing time for eye

detection is solely dependent on the image size, thus, the delay can be dramatically

reduced if a precise region of interest can be defined. We propose a simple yet

e↵ective technique that predicts the region of interest based on the information

from the built-in accelerometer. For eye tracking and blink detection itself, we

employ previous performance-proven methods.
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Figure 2.1: Processing time for eye detection using Haar Cascade Classifiers

2.1.2.3 Prediction during Detection Phase

After observing the behavior of tablet PC users, we found the following hints:

1. The vertical tilt angle of the device remains between 0°and 90°in most cases.

2. The user maintains a certain distance to the device, thus the size of one eye

does not exceed 80% of the captured camera frame

3. Depending on the position of the camera, the location of the eyes changes.

Our method that initially finds eyes in the video frame is devised based on

the observations above. Figure 2.2(a) shows the relation between the vertical tilt

angle of the device and the vertical location of the user’s eyes. Let ⇥ denote

the tilt angle of the device and � denote the view angle of the device’s front-

facing camera. Since � is fixed, ⇥ decides the vertical location of the eyes. As

the tablet PC leans forward (i.e., ⇥ increases), the eye location moves towards

the top of the camera frame, and as ⇥ decreases the eye location moves to the

11



Vertical position of eyes

(a) Vertical prediction

Vertical position of eyes

(b) Horizontal prediction

Figure 2.2: Predicting ROI during detection phase

bottom of the frame. The location of the front camera also a↵ects the prediction

of the eye location. Tablet PCs can be used either portrait or landscape modes by

applications. When the camera is located on the left (right) side, the eye is also

likely to be located on the left (right) side in the frame. Figure 2.3 is an example

that shows how the eye position varies depending on the vertical tilt angle and the

location of the camera. Based on the information from the in-built accelerometer,

our method calculates both the vertical tilt angle and the position of the front

camera to predict a region where an eye exist. We split the image frame into 9

sub-regions, thus, the initially predicted region falls into one of the 9 sub-regions.

For example, the initial region becomes left-middle one if the camera is located on

the left side of the device and the device is tilted about 45 degrees. Now, we try to

find an eye inside the predicted one sub-region (Figure 2.4(a) and (d)). If an eye

is not found there, we expand the region of interest to 4 sub-regions (Figure 2.4(b)

and (e)) and try to find eyes again. If an eye is not found, we lastly expand the

region to 7 sub-regions (Figure 2.4(c) and (f)). Our method stops expanding the

region at the third attempt because there is almost no chance to find an eye in

the remaining 2

9

areas.
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(a) ⇥ : 0° (b) ⇥ : 30° (c) ⇥ : 45° (d) ⇥ : 60° (e) ⇥ : 90°

(f) ⇥ : 0° (g) ⇥ : 30° (h) ⇥ : 45° (i) ⇥ : 60° (j) ⇥ : 90°

(k) ⇥ : 0° (l) ⇥ : 30° (m) ⇥ : 45° (n) ⇥ : 60° (o) ⇥ : 90°

Figure 2.3: Examples of eye locations in the camera frame by position of a mo-

bile device (camera position: 1st row: top-middle, 2nd row: left-middle, 3rd row:

right-middle)

2.1.2.4 Prediction during Tracking Phase

Figure 2.5 illustrates our eye detection algorithm during the Tracking Phase. Due

to the movement of user’s hand that holds the mobile device, the eye frequently

falls out of the Search Region. In this case, existing schemes discard the current

video frame and try to find eyes in the Detection Phase, resulting in severe de-

lays. If the eye is not found in the Search Region during the Tracking Phase, our

algorithm tries to find the eye in the current frame once more based on the in-

formation of vertical and horizontal tilt angle di↵erence. Suppose that the device

is tilted up from the vertical tilt angle of ⇥
m

to ⇥
n

. Similarly, suppose that the

horizontal tilt angle changed from  
m

to  
n

. Then the position of the eye moves
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(a) (b) (c)

(d) (e) (f)

Figure 2.4: Examples of initial eye detection algorithm

(a) (b)

Previous 
eye 

Position

(c)

Figure 2.5: Predicting ROI during tracking phase

towards the upper left area in the frame. One of the four areas in which our

scheme tries to find the eye is decided based on the angle di↵erence of the device,

which is defined in Figure 2.5(c). The four areas are split by V
m

and H
m

on the

image frame. V
m

is a vertical line that is drawn on the location of the detected

eye when the vertical tilt angle is ⇥
m

, and H
m

is a horizontal line that is drawn

on the location of the detected eye when the horizontal tilt angle is  
m

.

Figure 2.6 describes our combined detection and tracking algorithm. Namely,

it tries to find eyes in the first region of interest. If at least one eye is found in the

14



nth Initial RoI 
Prediction

Eye Detection in RoI

Found Eye?n < 3?

Eye Tracking

RoI Prediction Found Eye?

Found Eye?

Video Input

Yes

No

Yes

No

No

Yes

Yes

No

Figure 2.6: Proposed eye detection and tracking algorithm

first region, it goes to the Tracking Phase. If it fails, the region increases in size

in the second and the third attempts. If it fails in the third region, the current

image frame is discarded and it starts over with the next frame. Once it enters

the Tracking Phase, the region of interest is predicted based on the vertical and

the horizontal tilt angles. Our algorithm looks for the eye in the predicted region

of interest when it fails to find the eye in the Search Region.
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2.1.3 Evaluation

We implemented EyeGuardian on a Samsung Galaxy Tab 10.1. Samsung Galaxy

Tab runs Android 3.1 version, and we adopted OpenCV [2] library for the purpose

of image processing. In the next subsections, we present the eye detection schemes

in the Detection and the Tracking Phases and blink detection algorithm we used.

2.1.3.1 Eye Detection

We used Haar Cascade Classifiers for detecting the eyes during the Detection

Phase, which was first developed by Paul Viola and Michael Jones [104] and later

extended by Rainer et al. [62] to use diagonal features. Integral images enable an

algorithm to rapidly detect any object using AdaBoost Classifier Cascades [33]

that are based on Haar-like features. This technique is very commonly used for

the real time face detection and also works fairly well with eye detection [19].

After locating the eye, the online template of the user’s eye is extracted and

used in the Tracking Phase. For the eye tracking, we used a simple algorithm

to update the Search Region centered in the eyes. At each frame, centered eye

location in the Search Region is updated by the normalized correlation coe�cient

proposed by Grauman et al. [37].

2.1.3.2 Blink Detection

Blink detection is purely based on the correlation scores generated by matching

templates between opened eyes and closed eyes in the Tracking Phase. The blink

detection method proposed in [37] provides two advantages when it is applied to

EyeGuardian. Our goal is to provide a lightweight app with a reasonable accuracy.

EyeGuardian is lightweight since no extra computation is needed due to the pre-

computed correlation scores at each frame during the Track Phase. Additionally,

the blink detection method proposed in [37] improves the blink detection accuracy.
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According to the experiment results in [25], the number of false negatives and

the false positives of the aforementioned blink detection method was almost the

same. Most of the previous eye blink detection applications have targeted the

HCI function. For example, the eye blink has the function of the computer mouse

click, and the accuracy of detecting the blinks is critical to the performance of the

application. Hence, minimizing the number of false positives and false negatives

was important in the previous eye blink detection applications. In contrast, in

our case if the ratio of false positive and false negative is close to one, the number

of false detections is not an issue. Namely, our approach focuses on recording

the number of eye blinks during a certain period of time, and the blink miss is

compensated by a false positive. Hence, the number of blinks can still be estimated

accurately.

2.1.3.3 Blinking Criterion for Users

In order to prevent CVS, 20-20-20 rule [3] recommends people to look at a di↵erent

place 20 feet away the computer screen for 20 seconds, every 20 minutes during

the use of computers. The average human eye blink rate is 22.4±8.9 times per

minute under relaxed condition [102]. However, it decreases to 10.5±6.5 times per

minute while reading a book and 7.6±6.7 times per minute while doing near work

such as using the computer [102]. Hence, EyeGuardian monitors the eye blink

rate of the user for 20 minutes, and recommends the users to rest their eyes if the

number of eye blinks is lower than 13.5 (22.4-8.9) times per minute.

2.1.3.4 Detection and Tracking Accuracy

In this section, we present the performance improvement of our approach via

experiments. Five participants used the tablet PC not being aware of the eye

detection function during the experiments. The most crucial function of the Eye-
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Guardian is to detect the user’s eyes successfully. Since the eyes are in the Region

of Interest, we tested how accurately EyeGuardian detected the Region of Interest

during the Detection Phase. According to the experiment results, the accuracy of

detecting the region of interest was about 50%, 70%, and 90% in the first, second,

and the third step, respectively.

In order to evaluate the performance of the Tracking Phase, we recorded the

number of frames that did not have the user’s eyes in the search region. We

evaluated our approach by checking the overall reduced processing time achieved

from discarding the aforementioned frames. Each experiment was conducted 10

times and the average values of the experiment results are presented in Table 2.1.

The first and second column of Table 2.1 represent the user number and the to-

tal number of the frames used for detecting each user’s eye blinks, respectively.

The third and fourth column represent the number of frames that detected eye

blinks during the tracking phase without using our approach and its percentage,

respectively. The fifth and sixth column represent the number of frames that de-

tected eye blinks during the tracking phase using our approach and its percentage,

respectively. Even though the amount of performance improvement depends on

the user’s usage behavior and the number of concurrently running applications,

the 86.82% of the total image frames detected the eyes inside the Search Region

during the tracking phase without using our approach. The remaining 13.18% of

the total image frames failed to detect the eyes in the Search Region and returned

back to Tracking Phase. With our approach, the 94.15% of the total image frames

detected the eyes inside the Search Region during the Tracking Phase. In the case

of the remaining 5.85% of the image frames, the eyes were out of the image or the

image was too blurry for the eyes to be detected. Hence, our prediction method

reduces the processing time by only using 7.33% of the total image frame during

the Detection Phase, and the reduced processing time reduces power consumption.
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User Total

Frames

No

Prediction

 

Percentage

Prediction  

Percentage

1 11773 9516 79.13 (%) 10458 88.83 (%)

2 10032 9368 93.38 (%) 9813 97.81 (%)

3 10053 7676 76.35 (%) 9126 90.78 (%)

4 10119 8964 88.58 (%) 9513 90.11 (%)

5 10039 9637 95.99 (%) 9993 99.54 (%)

Table 2.1: Improvements of eye detection during tracking phase
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Figure 2.7: Energy consumption per hour (%)

2.1.3.5 Energy Consumption

Since EyeGuardian is always running in the background on the tablet PC, the

energy e�ciency is a crucial factor to be considered. We read the remaining

battery level via the Android 3.1(Honeycomb) default battery level indicator. It

is true that the battery level indicated by the default battery app is not as accurate

as measuring the battery level via the battery meter. Since we did not have such

a device, we had to measure the battery level based on the default battery app. In

order to compensate the inaccuracy of the battery app, we fully charged Galaxy

Tab before conducting each experiment. Since we used a new Galaxy Tab, the
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battery status was reliable. Additionally, we conducted all the experiments on

the same device. We measured the battery power consumption of EyeGuardian

by running it concurrently with one of the following three apps – a web browser

with wifi connection, an ebook reader, and a movie player. Each measurement

was conducted for three hours and we repeated the same measurement three

times. Hence, we measured EyeGuardian’s power consumption nine times. After

each measurement, the tablet PC was fully charged, and the display brightness

was always set to 80%. As shown in Figure 2.7, it is interesting to see that

playing a movie clip consumes far less energy than browsing the web. The CPU

usage meter showed that playing a movie clip only consumed about 25% of CPU

resource. On the other hand, there was “user interaction” every time we measured

the energy consumption of web browsing and book reading. We kept accessing

di↵erent websites while browsing the web. In addition, we intentionally browsed

web pages that contain a lot of images and flash movie clips rather than only

browsing the text based web pages to see how performance changes on a relatively

harsh condition. This may have resulted in more power consumption of the web

browser than the other two applications. The measurement results that appear

in Figure 2.7 indicate that EyeGuardian consumes 2.15% of the total battery

capacity per hour alone. Considering the case that EyeGuardian and another app

were running concurrently, EyeGuardian consumed similar amount of power when

it was operated alone. EyeGuardian did not cause significant battery drainage

even under the multitasking environment. Our approach is thus feasible from the

energy budget standpoint, since it only consumes about 2% of the total battery

capacity per hour alone or under multitasking environment. However, battery

consumption may be an issue running EyeGuardian on a smartphone. Galaxy Tab

adopts a 7000 mAh battery that is 4-5 times larger than the average smartphone

batteries. EyeGuardian consumes a small amount of energy on Galaxy Tab that

has a large battery. We can port EyeGuardian on a smartphone, however, it may
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Application Average Max Min Standard Deviation

Web Browseing 12.46 14.43 9.77 1.98

Book Reading 14.17 14.57 12.91 0.87

Movie Playback 13.69 14.53 11.92 1.16

Table 2.2: Frame per second by applications

worsen the battery drain. Developing an energy e�cient eye tracking and blink

detection application for smartphones will be a part of our future work.

2.1.3.6 Frame Rate

There is a correlation between the frame rate and the blink detection. If the

frame rate is too low, the probability missing the blinks increases while extremely

high frame rate does not improve the blink detection accuracy but only consumes

power. Since the average length of a blink is 300-400 ms, in order to detect the

blinks the frame rate should be at least 10 fps. It is crucial to check whether

or not the frame rate is above 10 fps under multitasking environment. We ran

EyeGuardian concurrently with one of the following three apps-a web browser with

wifi connection, an ebook reader, and a movie player. The maximum recordable

frame rate of the front camera is 15 fps. The average frame rate of the front

camera during reading an ebook was 14.17±0.87 fps, while the maximum frame

rate was close to 15 fps (Table 2.2). The average frame rates during watching

a movie and using the web-browser were 13.69±1.16 fps, and 12.46±1.98 fps,

respectively. Playing a movie on a tablet PC consumes resources continuously

until the movie ends or the user stops the movie. However, web browser uses

relatively more resources loading web pages on the web browser than playing a

movie. The more resources consumed, the less frame rate.
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2.1.4 Related Work

This section briefly reviews previous work on human eye blink detection and its

applications. Eye tracking and blink detection using a video camera has been

extensively studied in the literature, particularly in the filed of Human-Computer

Interaction (HCI). The main goal was providing an e↵ective way to use computer

systems for those who have disabilities or limited motor skills. A thorough survey

on initial work on eye tracking and blink detection methods is well summarized

in [38, 68]. Based on the detection and the tracking algorithms, applications for

general desktop computers and mobile devices have been presented.

Magee et al. presented EyeKeys [68], a gaze detection system that runs on a

general computer with video input from an inexpensive USB camera while pre-

viously proposed systems required specialized hardware such as electrodes placed

on the face, an infrared illuminator, or an expensive frame grabber.

Batista [17] presented a framework for drowsiness and point of attention mon-

itoring system. The proposed solution focused on detection of head rotation and

eye blinks, which were the two important cues for determining driver visual at-

tention, to measure the driver’s vigilance level. For the feasibility evaluation of

applications that detects the drowsiness of drivers, Friedrichs et al. compared

the performance of algorithms that detect eye blinks from video images with

techniques using Electrooculogram (EOG) that can monitor electrical muscles

activities around eyes, thus it can be used as a ground truth [82].

Miluzzo et al. developed a smartphone application, called Eyephone [74],

which was capable of tracking a user’s eye and mapping its position on the smart-

phone display using the phone’s front-facing camera. EyePhone enables the user

to activate smartphone applications by “blinking at the app”, emulating a mouse

click.
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2.1.5 Conclusion

We propose a novel mobile application to alert a user at risk of CVS and protects

their eyes from possible damages. To accomplish this, EyeGuardian monitors the

user’s eye blink frequency via the front camera of the device in a non intrusive way.

EyeGuardian determines whether or not it will recommend the users to rest their

eyes based on the user’s eye blink rate. The built-in accelerometer of the tablet PC

enables EyeGuardian to track the position of the device and estimate the location

of the user’s eyes. The processing time of detecting the eyes from the images

acquired from the front camera is considerably reduced by predicting the region of

interest where the eyes could exist in the images rather than scanning the full-size

images. Our approach may also be extended to various other applications. One

possible application is providing health advice by predicting the user’s drowsiness

and fatigue via the user’s movement and eye blink frequency. As a future work,

we will focus on developing an eye detection algorithm that is suitable for mobile

environment – e.g., an algorithm that e�ciently detects the eyes from multiple

viewing angles and in various lighting conditions. Finally, we plan to verify the

performance of EyeGuardian in reducing of the vision problems associated with

CVS by conducting clinical trials in cooperation with the School of Nursing.

2.2 StrokeTrack: Wireless Inertial Motion Tracking of Hu-

man Arms for Stroke Telerehabilitation

2.2.1 Introduction

Stroke is the leading cause of serious, long-term disability in the United States.

Each year, about 795,000 people su↵er a stroke. About 600,000 of these are first

attacks, and 185,000 are recurrent attacks [13]. More than 75% of these people

require multi-disciplinary assessments and appropriate rehabilitative treatments
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after they are discharged from the hospital [24]. The aforementioned statistics

have triggered people’s interests in community based healthcare services. As a

result, there is a considerable interest in training aids or intelligent systems that

can support rehabilitation as complementary tools at the patients’ homes than at

hospitals.

One of the goals of stroke rehabilitation is to help the stroke patients return

to normal life as much as possible by regaining the highest level of motor control.

Motor learning is a set of processes associated with practice or experience leading

to relatively permanent changes in the capability for movement. Since stroke

patients lose motor control in their limbs, they need to go through the process of

recovering the motor control – Motor relearning. Motor relearning is a process

that forces the patient to use the a↵ected limb by restraining the una↵ected one.

As a result, patients engaging in repetitive exercises with the a↵ected limbs recover

their capability for movement [10]. Recently, researchers have proposed several

solutions that enable home rehabilitation therapy for stroke patients. Due to the

characteristics of home rehabilitation therapy, these systems must be constrained

in cost and interface hardware.

We present StrokeTrack to address these challenges and focus on tracking

the upper limb motions. The goal of this study is to propose an e�cient up-

per limb motion tracking solution for post-stroke home rehabilitation therapy.

StrokeTrack uses two inertial measurement unit (IMU)s, and each consists of

a 3–axis accelerometer and a 3–axis gyroscope. The IMUs collect orientation

and acceleration measurements of the upper limb segments, forearm and upper

arm, respectively, and send the measurement values to the PC via Zigbee (IEEE

802.15.4).

The orientation and position of the forearm and upper arm can be estimated

by integrating the gyroscope measurements and double integrating the accelerom-

eter measurements, respectively. However, due to the inherent integration drift,
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these uncorrected estimates are only accurate within a few seconds [36]. Unlike

other motion tracking algorithms using Kalman filter [67] or Extended Kalman

filter [116], StrokeTrack uses an e�cient complementary filter [70] to reduce the

integration drift and update the correct orientation and position of each upper

limb segment. The use of complementary filter is crucial since we are planning

on implementing StrokeTrack on a smartphone platform in the future. Since

smartphones have limited battery resources, it is important to implement a low

complexity algorithm in order to reduce power consumption and process latency.

StrokeTrack provides an instant matching of the motion performed by the

patient with the reference motion that tells the accuracy of motion performed.

StrokeTrack stores certain motions or gestures performed by healthy adults in its

motion library. When a patient is performing a movement, StrokeTrack compares

the positions of the forearm and upper arm of the motions in the library with the

motions performed by the patient using dynamic time warping (DTW) [77].

In Summary, we make the following contributions to the field:

• This study presents StrokeTrack, an e�cient upper limb motion detection

solution based on inertial measurement unit(IMU)s, and each IMU consists

of a 3–axis accelerometer and a 3–axis gyroscope.

• We use complementary filter to e�ciently correct the orientation and the

position of the forearm and upper arm obtained by the inertial tracking

process and the kinematic model.

• We show that e�cient and accurate motion matching is feasible via dynamic

time warping (DTW).
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2.2.2 StrokeTrack Algorithm Design

In this section, the key technical components of StrokeTrack will be presented:

inertial tracking, kinematic model, complementary filter, and dynamic time warp-

ing.

Since we focuse on tracking the movement of the upper limb, only the positions

of the wrist, elbow, and shoulder joints are considered for tracking. We assume

that the patient’s torso is not moving, hence, compensating the movement of torso

is not discussed in this study.

We discuss the inertial tracking algorithm of StrokeTrack in Section 2.1. We

next describe the kinematic model of StrokeTrack that predicts the segment kine-

matics via sensor-to-body frame mapping in Section 2.2. In Section 2.3, Stroke-

Track adopts complementary filter to correct the estimated measurements of the

inertial sensors. After a certain motion is performed by the patient, it can be com-

pared with the reference motion to check the accuracy of the motion via DTW.

In Section 2.4, we present the motion comparison process of StrokeTrack using

DTW, and the motion library that has reference motions performed by healthy

adults.

2.2.2.1 Inertial Tracking

In order to estimate the position of an arm in a world coordinate system, the

inertial measurements from the sensor coordinate system must be transformed

into the world coordinate system. The vector observation provides an estimate of

the orientation in the world coordinate system. By fusing the estimated values

obtained from rate gyroscope integration and vector observation, the orientation

of the arm positions can be calculated.

Assuming the IMUs are attached to a human body, the angular di↵erence in

certain period of time can be obtained from the integration of angular velocity !
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measured by the rate gyroscope [54].

wbq̇t =
1

2
wbqt ⌦ ⌦t

(2.1)

where wbqt is the orientation quaternion representing the rotation from the body

frame(b) to world frame(w) at time t. ⌦
t

= (0,!
x

,!
y

,!
z

)T is the quaternion

representation of the angular velocity !
t

, and ⌦ is the quaternion multiplication

operator. In order to integrate the angular velocity, the initial orientation must

be known.

The rotation between the body frame and the world frame can be calculated

by comparing the measured position of several vectors in the body frame. Since

we know the position of each vector in the world frame, comparing the vectors in

the body frame with the vectors in the world frame enables us to calculate the

rotation between the body frame and the world frame. Consider a rigid body

moving in the earth frame. Let w denote the world frame, and b denote the body

frame. Let wbRt represent the rotation matrix from the body frame to the world
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frame at time t.

wvt =
wb Rt

bvt (2.2)

where wvt and bvt respectively denote the linear velocity vectors in the world

frame and the body frame at time t. The time derivative of the rotation matrix

wbRt is

wbṘt =
wb Rt[!

b⇥] (2.3)

where [!b⇥] is the cross product operator of the angular velocity estimates in the

world frame [29]. The matrix cross product operator is given by

[!b⇥] =

2

6666664

0 �!b

z

!b

y

!b

z

0 �!b

x

�!b

y

!b

x

0

3

7777775
(2.4)

The acceleration a and gravitational acceleration gmeasured by the accelerom-

eter in the body frame can be transformed into the world frame by multiplying

the sensor orientation wbqt and the conjugate of wbqt.

wat �w g =wb qt ⌦ (bat �b g)⌦wb q⇤
t (2.5)

where ⇤ denotes the complex conjugate of the quaternion, and ⌦ is the quaternion

multiplication operator [73]. Equation 2.5 can be rewritten in terms of rotation

matrix as

wat �w g =wb Rt(
bat �b g) (2.6)

The removal of gravitational acceleration enables acceleration at to be integrated

to velocity vt and double integrated to position pt in the world frame.

wp̈t =
w at (2.7)
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Even though vector observation provides absolute estimate of the orientation,

as the gravitational component is corrupted by the subject movement, it su↵ers

from high frequency noise [115].

2.2.3 Kinematic model

In this section, we present the kinematic model used in StrokeTrack. We assume

that a human body is divided into segments, and the segments are linked by

joints. Each segment has one joint and we assume that the joint is located at

the bottom of the segment. The segment axis is defined as the X, Y, and Z-

axis of the joint located at the bottom of each segment (Figure 2.8). A human

body motion consists of a combination of multiple segment movements, and each

segment movement is related to the rotation of segment axes. For instance, flexing

and extending the elbow is achieved by the rotation on the Y-axis of the forearm

with the correlation of the upper arm.

The inertial measurements are transformed into body segment kinematics, and

the end(pU1) of segment U from the joint(pU0) can be estimated in the world

frame as (Figure 2.9) [73].

wpU1 =w pU0 +
wb qU ⌦b sU ⌦wb q⇤

U (2.8)

where pU0 is the position of joint, wbqU is the orientation, and sU is the length of

segment U.

2.2.3.1 Complementary Filter

After continuous inertial tracking and segment prediction process, the errors in

estimating joint position and rotation will grow drastically due to the sensor noise

and drift errors (Figure 2.10). The errors are occurred by the low frequency

drift during the gyroscope integration and the high frequency movement errors

during the vector observation process. In order to reduce errors in estimating
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joint position and rotation, we need to obtain accurate orientation estimates of

the human motion. The orientation estimation can be achieved by fusing the

gyroscope integration and vector observation.

Complementary filter combines multiple independent measurements with dif-

ferent noise properties of a signal that have complementary spectral characteris-

tics [71]. For instance, assume that a signal x has two di↵erent measurements

y
1

= x+ µ
1

and y
2

= x+ µ
2

. y
1

has a high frequency noise µ
1

while y
2

has a low

frequency disturbance µ
2

. The complementary transfer function applied to the

signal is defined as

F
1

(s) + F
2

(s) = 1 (2.9)

where F
1

(s) is the low pass filter and F
2

(s) is the high pass filter. The filter

estimate of the signal is given by

X̂(s) = F
1

(s)Y
1

+ F
2

(s)Y
2

= X(s) + F
1

(s)µ
1

(s) + F
2

(s)µ
2

(s) (2.10)

The noise in the all pass filtered signal X(s) is high and low pass filtered by the

complementary filter.
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StrokeTrack adopts the complementary filter model proposed in [115]. The

complementary filter equation is defined as

q̂ =

8
>>>><

>>>>:

q0
t

+ 1

k

(q00
t

� q0
t

) |kak � 1| < a
T

q0
t

|kak � 1| � a
T

(2.11)

where q0 and q00 are the estimate values from rate gyroscope and vector obser-

vation respectively, k is a filter coe�cient that controls the fusion of the two

aforementioned estimate values, and a
T

is a threshold that optionally gates the

vector observation during linear acceleration [115]. The first term of equation (9)

maintains high frequency while the second term of equation (9) corrects low fre-

quency drift. The rate of the drift correction is controlled by the filter coe�cient

k. The smaller k, the faster drift correction with more movement induced noise

passed through the filter.

The complementary filter adopts a gating process that reduces movement noise

further. The drift correction by the gating process is only performed when the

magnitude of the measured acceleration vector is within a bound of 1g [115]. By

only performing corrections while the device is not experiencing significant linear

accelerations, the erroneous drift corrections could be limited (Figure 2.11).

Kalman Filter and its derivations such as Extended Kalman Filter(EKF), Un-

scented Kalman Filter(UKF) are very commonly used in data fusion. At each

estimation step, Kalman Filters perform expensive matrix operations-e.g., mul-

tiplication, inversion. The computational complexity of Kalman filters depends

on the number of matrix operations and the number of state variables [98]. On

the other hand, the complementary filter only uses addition and subtraction. The

advantage of the complementary filter is without performing an update at each

estimation step, it is possible to obtain reasonable results.
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2.2.3.2 Dynamic Time Warping

Dynamic time warping(DTW) is a classical algorithm based on dynamic pro-

gramming measuring similarity between two time sequences with temporal dy-

namics [77]. A time series is a list of samples taken from a signal, measured

typically at successive times spaced at uniform time intervals.

Let S [1, · · ·, M ] and T [1, · · ·, N ] denote the two time series. The DTW

distance between two time series is D(M, N ), which can be calculated in a dynamic

programming approach using

D(i, j) = min

8
>>>>>><

>>>>>>:

D(i, j � 1)

D(i� 1, j)

D(i� 1, j � 1)

9
>>>>>>=

>>>>>>;

+ d(x
i

, y
i

) (2.12)

where d(·,·) is the local distance function varying with the application. The

matching cost and the corresponding optimal path can be calculated using equa-

tion (2.12). For instance, the optimal path from point (1, 1) to point (i, j ) can be

obtained from the minimal distance between (1,1) and (i – 1, j ), (i, j – 1), and

(i – 1, j – 1). The time complexity and space complexity of the DTW are both

O(MN) [65].

After estimating the positions of wrist, elbow, and shoulder joints, the positions

will be matched to the positions of each joint stored in the motion library. The

motion library contains the reference motions in the format of the position of wrist,

elbow, and shoulder. The position of each joint that has the smallest matching

cost will be the match.
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2.2.4 Experiments

2.2.4.1 Motion Library motions

Figure 2.12 illustrates the motions that are stored in the motion library. The

motions in Figure 2.12 were selected due to the theory of constraint-induced

movement therapy(CIMT) [10]. According to CIMT, a patient maximizes the

rehabilitation therapeutic e↵ect by restraining the una↵ected part of the body

and train the a↵ected part of the body. When training the a↵ected part of the

body, the therapy focuses on repeated “forced use”of the hand and fingers that

help the brain to reorganize the a↵ected hand and fingers. By simulating drawing

something with a pen helps the patients to train their fingers and arms.

In order to build the reference motion library, four healthy male adults per-

formed the motions in Figure 2.12 with both arms one at a time. Two IMUs

were placed on the wrist and the elbow of the subject, and each man performed

the movement that was drawn on a letter size (8.500 ⇥ 1100) paper 100 times with

the left arm first, then the right arm(Figure 2.13). Hence, each man performed

a motion 200 times with both arms and all the motions 1600 times in total with

both arms. The diameter of motion 7 and 8 is 20cm, the length of motion 3, 4,

5, and 6 is 20cm, and a side of motion 1 and 2 is 20cm. The lengths of each

subject’s forearm and upper arm were measured in order to calculate the position

of forearm and upper arm.

Figure 2.12: Motions adopted from [65, 87]. The dot denotes the starting point,

and the arrow denotes the end.
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2.2.4.2 Experimental environment setup

In this section, the accuracy of joint location estimation of the complementary

filter is evaluated by comparing to that of the Kalman filter based motion tracking

algorithm [67]. The motion tracking algorithm proposed by H.J. Luinge et al.

has accurate inclination estimates within 3�RMS(RootMean Square) and the

gyroscope o↵set error is roughly 5% of the initial o↵set error. H.J. Luinge et

al. gained these results by comparing the performance of their algorithm with a

laboratory-bound 3D human motion tracking system Vicon [67].

Due to the requirement of real-time operation, smoothing the estimates by

removing spikes, jumps, and etc., is a task beyond the scope of this study. On the

contrary, the possibility of maximally reducing the uncertainty of joint position

and rotation is more considered, so that the final estimation approximates to

that of the algorithm proposed by H.J. Luinge et al., [67]. In the experiments,

the following will be considered: Accuracy of motion estimation and accuracy of

motion matching. Since the e�ciency of the complementary filter over Kalman

filter is proven in Section 2.3, the performance of both filter models will not be

evaluated.

By using Velcro straps, one of the IMUs is attached to the subject’s upper

Figure 2.13: Two IMUs attached to the subject’s upper limb.
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arm 3cm up the elbow joint, and the other is tied to the forearm 1cm up the wrist

joint. Both IMUs are faced outwards the arm (Figure 2.13).

In order to calibrate the IMUs, the forearm should be aligned parallel to the

table where the motion drawn paper is placed, regardless the distance between the

forearm and table. By repeating the aforementioned process, the IMUs initialize

the orientation of the forearm and upper arm. The subject performs each motion

illustrated in Figure 2.12 ten times and StrokeTrack reports the accuracy of the

motion performed compared to the reference motion.

For the complementary filter settings, the accelerometer gating value a
T

was

set to 0.1g, and the filter coe�cient k was set to 115.

2.2.4.3 Experimental results

Accuracy of motion estimation In this section, the accuracy of StrokeTrack’s

motion estimation algorithm will be evaluated by comparing x, y, z coordinates

of the estimated position of wrist, elbow, and shoulder of the algorithm proposed
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in [67]. The x, y, z coordinates are converted into cm and the signal matching is

calculated by the following equation:

Diff(t) = |Coord
1

(t)� Coord
2

(t)| (2.13)

whereDiff(t) denotes the di↵erence between x, y, z coordinates of both algorithm

at each sample while Coord
1

(t) and Coord
2

(t) denote x, y, z coordinates of the

algorithm proposed in [67] and StrokeTrack at each sample, respectively.

While performing motion no.7 in Figure 2.12, we can see that x, y, z coordi-

nates of both algorithms are matching (Figure 2.14 ⇠ Figure 2.19)). According to

the experiment results, the averaged signal matching percentage between Stroke-

Track and the algorithm proposed in [67] of each motion in Figure 2.12 is more

than 85%.

Accuracy of motion matching In this section, the accuracy of motion match-

ing is evaluated by matching the motion performed by the subject to the reference
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Figure 2.20: Signal matching of each motion in Figure 2.12 between the performed

motion and reference motion.

motion stored in the motion library. The reference motion library contains the

estimated x, y, z coordinates of each motion performed by the four subjects. To

check the accuracy of motion matching, the subject performed all the motions

with both arms.

As a subject performs a motion in Figure 2.12, the DTW algorithm starts to

match the x, y, z coordinates of each motion in Figure 2.12, and as it finds the

best match, it tells the subject, how accurately, which motion was performed. In

Figure 2.20, we can see the matching percentage of each reference motion and each

performed motion is at least higher than 88.5%. However, the motion matching

percentages of right hand were higher than those of the left hand. This may be

due to whether the subject is right-handed or left-handed. All the subjects who

participated the experiments were right-handed, and they may be more familiar

with using their right arms than their left arms.

2.2.5 Conclusion

An upper limb motion tracking system with two commercial wireless inertial sen-

sors has been presented. Unlike other motion tracking systems, StrokeTrack is

totally wearable, and does not need external cameras, emitters or markers. Thus,

it can be used outdoors as well as indoors. There are no restrictions due to the
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lack of lighting and no problems of occlusion or missing markers that exist in most

vision base systems. StrokeTrack is cost e�cient due to sensor fusion algorithm

that relaxes the need to add more sensors to reduce sample imprecisions(e.g., in

measuring joint position and rotation).

StrokeTrack uses a kinematic model and a sensor fusion algorithm to accu-

rately track the motion of the stroke patient. It also provides an e�cient way of

checking the accuracy of the motion performed by patients via DTW. Preliminary

results have been very promising, indicating that the proposed StrokeTrack can

be integrated into a home based rehabilitation system to report the upper limb

motions of a patient. Since StrokeTrack uses low complexity complementary filter,

our next step is to implement StrokeTrack on a smartphone platform.
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CHAPTER 3

Physiological Data Compression

3.1 Peak/Valley detection based compression

3.1.1 Introduction

Recent advancements in miniaturization of portable medical sensors have enabled

continuous health monitoring in daily life. Over the past few years, many mobile

health-care platforms have been proposed and most of them have adopted the

general architecture illustrated in Figure 1.1 [27, 34, 57, 61, 69, 79, 111, 112, 118].

Body-wearable sensors measure biomedical signals and transmit them wirelessly

to a portable gateway device such as a smartphone. The gathered data is pre-

processed locally on the gateway and transferred to a remote monitoring center

for further in-depth analysis.

Since physiological signals such as electrocardiograms (ECG), electroencephalo-

grams (EEG), or photoplethysmographs (PPG) are collected continuously at a

high sampling rate, they tend to produce a large amount of data. This large

volume of data can be an obstacle to mobile health commercial implementations,

since large data implies high battery consumption and high cellular fees for wire-

less transmission to a remote monitoring center. Therefore, data compression is

very attractive in such systems.

Compression of physiological data has been extensively studied in the liter-

ature. Among many compression methods, transformation based schemes are

widely used due to their high Compression Ratio (CR). In particular, the wavelet
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transform has attracted great attention because of its simplicity and versatility.

Existing popular transformation-based compression schemes may achieve a high

compression ratio, but they may not guarantee the quality requirement for accu-

rate diagnosis because signals can be distorted during the compression steps (e.g.

transformation, thresholding, and quantization). Since a small change in phys-

iological signals can result in misdiagnoses, critical diagnostic information must

be preserved during the compression procedure. We propose a simple yet e↵ec-

tive method that satisfies both high compression ratio and high clinical quality

requirements.

The proposed technique, which is based on the detection of peak and valley

points in signals, can be used alone to directly compress the data or can also be

used in combination with any existing transformation based compression meth-

ods to correct the distorted signals. We conduct performance evaluation using a

smartphone as a gateway device in mobile monitoring systems. The experimen-

tal results show that our method dramatically improves the clinical quality at

the expense of a small decrease in compression ratio when used together with a

transformation-based compression scheme. The proposed method also provides

high quality of restored signals as well as adequate compression performance even

when it is used alone.

3.1.2 Bio-Signal Compression

This section explains why previous physiological signal compression methods do

not guarantee clinical quality and presents how transformation-based compression

schemes distort the original signals, possibly resulting in misdiagnoses or making

precise analysis impossible.
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3.1.2.1 Transform-based compression

Compression of physiological data, such as ECG and EEG, has been extensively

studied in the literature. In general, the compression schemes can be classified into

two major categories: 1) direct data compression techniques which treat the sam-

ple signals directly in the time domain, and 2) transformation based approaches

in which the samples are transformed into another domain resulting in concen-

trating a large amount of energy into a small number of coe�cients. Review and

comparison of some techniques in the two categories are well presented in [48].

Transformation-based methods are widely used due to their high CR. Among

many transforms (e.g. Karhunen-loôeve Transform, Discrete Cosine Transform,

Fast Fourier Transform), the wavelet transform has attracted great attention be-

cause of its simplicity and versatility [28,43,47,66]. The coe�cients obtained from

transformation process usually consist of a small number of non-zero values and

a large number of near-zero values, following power-law distribution. In order

to reduce the number of non-zero values and yield a higher compression ratio, a

certain number of near-zero coe�cients are suppressed. This thresholding process

mainly causes distortion in the original signal. Since the distortion can impact

any part of the data, clinically important data is not guaranteed to be preserved.

3.1.2.2 Compression accuracy assessment

RMS and PRD are commonly used for measurement of signal distortion, which is

calculated as defined in (3.1) and (3.2), respectively.

RMS =

sP
N

n=1

(x[n]� x̃[n])2

N
(3.1)

PRD =

vuut
P

N

n=1

(x[n]� x̃[n])2
P

N

n=1

x2[n]
⇥ 100(%) (3.2)

41



where x [n] is the original signal, x̃[n] is the reconstructed signal, and N is the

number of samples.

Both RMS and PRD are usually viewed as good indicators of the accuracy

of the reconstructed signal. However, neither guarantees the accuracy requires in

clinical studies. Namely, these indicators equally weigh the reconstruction error

in all portions of the signal; thus, they cannot express the quality of the parts of

the signal that are diagnostically salient.

The examples in Figure 3.1(a) and (b) show that PRD does not always accu-

rately reflect clinical quality. We took sample ECG segments from the MIT-BIH

database [6] (record number: 112) and compressed the samples using Fast Wavelet

Transform (FWT) with uniform quantization on an HTC Incredible smartphone.

We then used the Lempel-Ziv and Haruyasu method (LZH) to actually compress

the coe�cients. The resulting CR was around 11. Figure 3.1(a) shows one por-

tion of the original and the reconstructed signals. The PRD of this portion is

3.1934. Figure 3.1(b) shows another portion of original and reconstructed signals

of which the PRD is 3.1308. Based on PRD, the reconstructed signal in 3.1(b) is

more accurate than one in 3.1(a). However, from cardiologists’ perspectives, the

signal in 3.1(b) is more distorted than 3.1(a). This is because the P and T waves

(marked with A and B) are distorted, leading to possible misdiagnosis of a 2:1

type heart block or of a Premature Atrial Contraction (PAC). The S-T segment

is also distorted (marked with C), and can be a obstacle to accurate diagnosis.

3.1.3 Critical Markers

When it comes to clinical diagnosis of physiological signals, in general, three fac-

tors are taken into account: 1) interval between particular points, 2) magnitude

of signals, and 3) contour-shape of signals. Transformation-based compression

techniques may well preserve intervals of waves; however, they do not guaran-
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Figure 3.1: Original and Reconstructed ECG

tee preservation of magnitudes of peaks and detailed contour shapes. This section

proposes a simple yet e↵ective method that guarantees the clinical quality of com-

pressed physiological data. The proposed method e↵ectively preserve the three

factors above. Our scheme can be used alone to achieve high CR or it can be

combined with any existing transformation-based compression methods to pro-

vide perfect clinical accuracy.

3.1.3.1 Clinical Quality Improvement by Critical Markers

Peaks and valleys are the most important points in physiological signals, which

determine magnitudes and contour shapes of signals. Unfortunately, the most

distortion is likely to occur at peak/valley points during transformation-based

compression. Correctly recorded peak and valley values can correct records of

magnitudes and enable accurate calculation of intervals or drawing of contour

shapes. Therefore, the quality of signals can be greatly improved if peak/valley

points are well preserved in the compressed data.

One well-known peak detection method is using first or second derivatives;

however, it is known to yield many false positives due to noise. Other methods,

based on transformations or low-pass filters, can also make the signal di↵erent
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from the original shape. To guarantee the accuracy of the medical diagnosis, we

propose a simple algorithm that extracts peaks and valleys from the original raw

signal in real time. The main idea is based on the simple fact that a peak follows

steadily increasing values and precedes steadily decreasing values. For a valley,

the opposite applies.

Figure 3.2 depicts our peak/valley detection algorithm. First, the algorithm

sets two window sizes, W
out

and W
in

. W
out

involves in determining if a certain

point is a peak/valley and W
in

involves in determining if a certain point is on an

increasing/decreasing line. Then, a slope vector SV is created at each point as

signal samples arrive. The size of vector SV is W
out

� 1. Inside W
out

, V
LT

[n] and

V
RT

[n] (0nN, N = bWout

2

c) are calculated as follows:

V
LT (RT )

[n] =
n+

W

in

2X

n�W

in

2

x
i

(3.3)

Once V
LT

[n] and V
RT

[n] are obtained, SV is filled. Each vector value is a 1-bit

flag, which is determined as follows:
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SV
LT (RT )

[n] =

8
>><

>>:

1 if V
LT (RT )

[n]  V
LT (RT )

[n+ 1]

0 otherwise
(3.4)

At each point x, if the elements of SV
LT

are all 1s and the elements of SV
RT

are

all 0s, x is marked with a peak. Similarly, if the elements of SV
LT

are all 0s and

the elements of SV
RT

are all 1s, then it is marked with a valley. Otherwise, it is

a point on an increasing or decreasing line. Since this double-window mechanism

works as a linear smoothing filter, it naturally drops false-positives caused by

noise. The filtering level is adjusted based on the two window sizes.

3.1.3.2 Peak/Valley detection accuracy

To evaluate the accuracy of our peak/valley detection algorithm, we tested it

with ECG and PPG signals. We randomly picked 20 sample ECG segments

from the MIT-BIH database and also took 20 sample PPG data sets from the

authors. First, we recorded clinically important peaks and valleys in the samples

by visual inspection, and then, we compared those points with ones detected by

the algorithm. Since the proposed algorithm has two parameters, W
out

and W
in

,

we measured the performance as functions of them.

Figure 3.3 shows how accurately the algorithm detects peaks and valleys for

the both signal samples. In case of ECG signals, for two combinations (i.e. (W
out

:

3, W
in

: 1) and (W
out

: 7, W
in

: 3)), the algorithm perfectly detects the designated

peaks and valleys. It provides over 90% accuracy in cases that W
out

is under 9.

For all W
out

values, the accuracy improves as W
in

also increases, reaching 97-98%

when W
out

is 9 and 11. Although larger W
in

improves the accuracy, the accuracy

dramatically degrades once W
out

exceeds 13; it never reaches 90%. For PPG

signals, (W
out

: 3, W
in

: 1) and (W
out

: 5, W
in

: 1) pairs achieve 100% detection

accuracy. For other combinations, a similar tendency to the ECG cases is seen,

accuracy degradation over larger W
out

.
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Small W
out

and W
in

(e.g W
out

: 3 and W
in

: 1) perfectly catch peaks and val-

leys; however, as expected they also cause false-positives. There should be many

“ripples” in the raw signal due to noise, especially in ECG signals. They are

technically peaks and valleys, but they do not have to be considered as peaks and

valleys as they are usually generated by noise. Figure 3.4 shows how many points

are detected as peaks/valleys. The numbers in the table represent the number

of detected peaks/valleys against the size of sample data in percentage terms.

Although (W
out

: 3 and W
in

: 1) combination never misses major peaks/valleys, it

also detects many minor peaks/valleys. Over 20% and 14% of points are classified

into peaks/valleys with these parameter settings for the ECG and the PPG cases,

respectively. It is because smallW
out

andW
in

cannot filter out noise e↵ectively. As

the windows increase, those minor peaks/valleys are filtered out as the ripples are

averaged over longer intervals; thus, false positives decrease. For ECG samples,

when W
out

is 7 and W
in

is 3, the accuracy of detecting peaks/valleys and the num-

ber of false positives becomes balanced. The balanced window sizes are W
out

:5

and W
in

:1 for PPG samples. We call these balanced points Critical Markers.

The appropriate values for the two windows need to be determined adaptively

depending on the sampling rates of signals. We found that the optimum win-

dow pair value for signals with 100-400Hz sampling rate is obtained as follows:

(W
in

,W
out

) = bSamples per second

(100,50)

c (if the value is even number, add one). The sam-

pling rates for the ECG and PPG samples are 360Hz and 100Hz, respectively. The

exact data size of peaks/valleys checked by visual inspection was approximately

4% for the both cases. Our method does not filter all minor peaks/valleys. How-

ever, those minor peaks/valleys are also parts of the original signal. Therefore,

those unfiltered points never degrade clinical quality. Moreover, those unfiltered

points contribute greatly to the compression quality when the algorithm is used

alone to compress signals. This is further discussed in Section 3.1.5.2.
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W
in

1 3 5 7

W
out

3 100 (100) - - -
5 96.90 (100) - - -
7 93.80 (86.3) 100 (86.37) - -
9 91.20 (81.81) 97.93 (84.09) - -
11 69.43 (77.27) 92.73 (75) 96.37 (79.54) -
13 47.18 (70.45) 77.72 (75.02) 80.31 (77.67) -
15 32.14 (70.05) 53.36 (74.56) 60.13 (77.45) 69.43 (78.58)

Table 3: Accuracy of Peak/Valley Detection for ECG (PPG) (%)

W
in

1 3 5 7

W
out

3 21.15 (14.16) - - -
5 10.38 (8.96) - - -
7 8.30 (7.12) 10.97 (7.82) - -
9 6.39 (7.02) 8.43 (7.41) - -
11 2.86 (6.43) 5.32 (6.43) 6.05 (7.03) -
13 1.64 (6.05) 3.28 (6.45) 3.15 (6.64) -
15 1.02 (5.84) 1.82 (6.44) 1.96 (6.61) 2.21 (6.82)

Table 4: Data Size of Peaks/Valleys for ECG (PPG) (%)

This is further discussed in Section 7.7.

7.5. Time complexity

The proposed algorithm uses only addition/subtraction operations and it
does not require any iterations. Therefore, it is fast and its complexity is com-
pletely linear. Figure 10 presents the processing time, captured on an HTC
Incredible smart phone, for 5 (W

out

, W

in

) pairs that provide more than 95%
accuracy as a function of data size in case of ECG signals. The processing time
increases linearly as the data size grows. Thus, the proposed algorithm works
well in real time on any modern mobile phones and even on low-end embedded
gateway devices.

7.6. Wavelet-based compression with critical markers

Once a certain number of critical markers is extracted from the raw signal
before transformation-based compression, they are transmitted together with
the compressed data to a remote center. Then they can be displayed over the
decompressed signal to visually correct errors due to compression procedures.
Alternatively, the distorted values can simply be replaced with the critical mark-
ers to plot calibrated signals. The proposed approach inevitably decreases CR
as it uses additional information. However, the increments of data size may
take second place to the improved signal quality. Our method extracts critical

19

Figure 3.3: Detection Accuracy for ECG (PPG) (%)
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well in real time on any modern mobile phones and even on low-end embedded
gateway devices.

7.6. Wavelet-based compression with critical markers

Once a certain number of critical markers is extracted from the raw signal
before transformation-based compression, they are transmitted together with
the compressed data to a remote center. Then they can be displayed over the
decompressed signal to visually correct errors due to compression procedures.
Alternatively, the distorted values can simply be replaced with the critical mark-
ers to plot calibrated signals. The proposed approach inevitably decreases CR
as it uses additional information. However, the increments of data size may
take second place to the improved signal quality. Our method extracts critical
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Figure 3.4: Data Size for ECG (PPG) (%)

3.1.4 Time complexity

The proposed algorithm uses only addition/subtraction operations and it does

not require any iterations. Therefore, it is fast and its complexity is completely

linear. Figure 3.5 presents the processing time, captured on an HTC Incredible

smart phone, for 5 (W
out

, W
in

) pairs that provide more than 95% accuracy as

a function of data size. The processing time increases linearly as the data size

grows. Thus, the proposed algorithm works well in real time on any modern

mobile phones and even on low-end embedded gateway devices.

3.1.5 Evaluation

This section presents how well the proposed scheme corrects distorted ECG and

PPG signals. We also show that our scheme works well alone to compress physi-

ological data in terms of the quality for clinical diagnosis.
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Figure 3.5: Time Complexity of the Algorithm

3.1.5.1 Compression with critical markers

Once a certain number of critical markers is extracted, the markers are transmitted

together with the compressed data to a remote center. Then they can be displayed

over the decompressed signal to visually correct errors. Alternatively, the distorted

values can simply be replaced with the critical markers to plot calibrated signals.

The proposed approach inevitably decreases CR as it uses additional information.

However, the increments of data size may take second place to the improved

signal quality. As shown in Figure 3.4, for example, W
out

: 7 and W
in

: 3 settings

for ECG require 10% of the data size against the original sample data, and it

decreases CR from 11.263 to 7.714 when combined with Wavelet transformation-

based compression method.

Figure 3.6 presents two examples of how our method improves the compressed

ECG and PPG signals from the clinical perspective. Figure 3.6(a) and 3.6(b)

are parts of the raw ECG and PPG signals with critical markers detected by the

algorithm. At every sharp peak/valley, exactly one point is accurately picked.

On the other hand, at relatively blunt points, more than one point is selected.
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(a) Original ECG Signal with Critical Markers
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(b) Original PPG Signal with Critical Markers

(c) Reconstructed Signal (CR: 11.263)

(d) Reconstructed Signal (CR: 12.031)

Figure 3.6: Visualization of ECG and PPG Signals with Critical Markers (W
out

:

7 and W
in

: 3)

These multiple markers at minor peaks/valleys slightly increase the compressed

data size. However, they never obstruct clinical diagnosis, moreover they improve

the clinical quality. Figure 3.6(c) and 3.6(d) show how the proposed method can

prevent misdiagnosis. In ECG case, at points A and B, a peak that does not
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exist in the original signal is generated during the Wavelet transformation-based

compression. However, with the aid of the critical markers, (i.e. there are no

markers on the peak), physician/cardiologist can know this peak is an error. For

another example, at points C and D, the reconstructed signal flattened valleys so

it made T and P waves unclear. However, one can clearly infer not only that a

valley does exist at that area but also its exact value due to the critical markers.

The final example is found at point E. The reconstructed valley at point E is

located significantly higher than the original point; this error is corrected by the

critical marker. Similarly, at F, in PPG case, valley points can be corrected by

the markers. PPG signals in the circle marked with G would be wrongly classified

due to notches caused by distortion during the Wavelet based compression. The

critical markers prevents this misdiagnosis.

3.1.5.2 Compression using critical markers only

In the previous sub-section, critical markers are used to help physicians to analyze

the compressed signals correctly. The proposed algorithm does not filter out all

minor peaks/valleys. Thus, it can be a drawback as it increases the compression

data size. However, we can take advantage of the non-filtered minor markers

under circumstance that the marker information is solely used to compress phys-

iological signals. Both the major and minor markers can be used to compress the

raw signal directly, which improves clinical quality. Since peaks and valleys are

the key factors for clinical diagnosis, accurately extracted peaks/valleys already

involve most significant information. In addition, the minor peaks/valleys provide

information for more accurate signal reconstruction. Figure 3.7 presents examples

showing how well the restored signals, using only the critical markers, represent

the original signal. The solid lines represent the original signals and the dotted

lines represent the reconstructed signals.

Figure 3.7(a) and 3.7(b) presents the reconstructed ECG and PPG signals
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Figure 3.7: Signal Reconstruction with Critical Markers in cooperation with Her-

mite Interpolation

with (W
out

: 3, W
in

: 1) pair, which provides 100% of major peak/valley detection

and some minor markers. The restored signal is so close to the original signal;

thus, one may not visually find remarkable di↵erences between them. The PRDs

for both examples are 5.2563 and 9.4321, which are worse than the compressed
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signal by Wavelet transformation (i.e. PRD: 3.8433 and 4.1724). However, the

proposed method provides more accurate clinical information because it never dis-

torts peaks/valleys, unlike the transformation-based compression. As we change

the parameters to (W
out

: 7, W
in

: 3) pair for ECG and (W
out

: 5, W
in

: 1) for

PPG, 100% of major markers and less minor markers are detected, resulting in

less accuracy in the signal reconstruction. The restored signals are presented in

Figure 3.7(c) and 3.7(d). The PRDs are degraded into 7.0488 and 14.1231, and

few visually-discoverable errors are found. However, they still provide su�cient

and accurate clinical information. The CR of our method depends on both the

(W
out

, W
in

) parameter sets and the types of signals. In the case of ECG data from

the MIT-BIH database, our scheme provides approximately 14.32 CR (W
out

: 7,

W
in

: 3) and 8.73 CR (W
out

: 3, W
in

: 1) after the critical markers are compressed

by LZH technique. For our PPG sample data, the CR is 15.61 with (W
out

: 5, W
in

:

1) pair and 8.94 with (W
out

: 3, W
in

: 1) setting.

3.1.6 Related Work

This section briefly reviews previous works that focused on clinical quality in

biomedical data compression. Several studies proposed quality controlled com-

pression schemes for ECG data. Jie Chen et al. proposed an orthonormal wavelet

transform based ECG compression scheme that employs an adaptive quantization

strategy, by which a predetermined Percent Root-Mean-Square Di↵erence (PRD)

can be guaranteed [26]. In the same context, Shaou-Gang Miaou et al. proposed

an algorithm that searches for an appropriate bit rate in an automatic, smooth,

and fast manner for the wavelet-based compression to meet the given PRD re-

quirement [72]. However, it is shown that determining the clinically acceptable

numerical PRD value is not trivial [114].

Álvaro Alesanco et al. investigated the advantages and drawbacks of PRD and

Root Mean Square (RMS) in order to guarantee quality in threshold wavelet-based
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compression schemes that segment the signal into blocks [11]. The authors found

that RMS could be a better indicator than PRD if the signal presents many low

energy blocks after segmentation; however, PRD threshold could lead to better

clinical results than RMS when the signal is placed inside a low energy block.

In spite of those findings, the paper concluded that there is no optimum choice

between PRD and RMS when one target the quality of biomedical signals.

There also were e↵orts to devise new distortion measuring methods for com-

pressed physiological data from the point of view of diagnosis. Yaniv Zigel et al.

introduced a distortion measure for ECG compression called Weighted Diagnos-

tic Distortion (WDD) [119]. The WDD is based on PQRST complex diagnostic

features (i.e. P wave duration, QT interval, T shape, and ST elevation) of the

original ECG signal and the reconstructed one. Unlike PRD or RMS, WDD con-

tains direct diagnostic information and thus it is clinically a more meaningful

indicator.

3.1.7 Conclusion

Data compression of physiological signals is essential in mobile health monitoring

systems in order to reduce battery consumption and wireless transmission over-

head. Although many compression schemes have been studied over decades, few

of them take clinically important reconstruction quality of the compressed data

into account. This is because most previous works used PRD or RMS as indi-

cators of the compression accuracy. This paper shows that PRD and RMS are

inappropriate for physiological signals. It then proposes a simple yet very e↵ective

compression technique that is based on detection of clinically important points in

continuously collected physiological signals. Experiments conducted on a smart-

phone platform using real ECG and PPG data sets confirm that the proposed

compression method provides clinically satisfactory signal reconstruction as well

as high compression ratio. As a future work, we are working on the develop-
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ment of an interpolation model that provides more realistic physiological signal

reconstruction.

3.2 Compressive sensing based compression

3.2.1 Introduction

Accelerometers have enabled a more convenient investigation on human body

movements. Research using accelerometers began in the 1950s; however the ex-

pensiveness, large-size, and unstableness were obstacles to the wide employment

in the early stages. In the past decade, the advance of MEMS (Micro-Electro-

Mechanical Systems) technology made remarkable changes in this research area.

The form-factor of the accelerometer device has been small enough to be attached

on the human body without irritation, the manufacturing cost of the device has

been a↵ordable enough to be commonly used, and the accuracy has improved to

analyze various human activities. The accelerometer is used in many areas such

as gait analysis, balance evaluation, fall detection, activity monitoring, and so on.

More recently, research on human body movements using accelerometers is

shifting to the new paradigm. As both wireless communication and micro-processor

technologies advance, radio communication modules and micro-controllers have

been getting not only smaller but also cheaper, which has resulted in a tiny wear-

able sensor can continuously collect human kinetic information and wirelessly

transmit the data. Since neither tangled cables nor an additional controlling unit

is necessary, it is possible to collect individual’s movement information everywhere

and anytime in daily living without restrictions to the designated laboratory or a

particular time. Wearable human activity monitoring systems [110] [52] or home

rehabilitation applications [101] [30] are gaining interest in recent years.

The most challenging issue in battery-operated wireless sensing applications
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is how to achieve e�cient power management at sensing unit side. The primary

premise of successful realization is that the sensing unit never inconveniences

people’s daily activities. Therefore the size of the sensing unit must be small,

with the result that the sensing unit has extremely limited battery capacity and

computing power. Under this condition, it is essential to use a simple scheme to

prolong battery lifetime.

One straigtforward scheme for energy saving on the sensor mote unit is to

compress the sensed data to reduce the number of transmissions. In general WSN

applications, the bulk of power usage lies in the transmitter. Thus much energy

can be saved if an appropriate compression algorithm for the data and the hard-

ware is used [16]. However, in the case of body-area short-range communications,

the impact of the transmission on energy consumption inevitably shrinks because

it is not necessary to transmit data with high power.

The wireless sensing unit consists of three major energy-consuming parts;

1)accelerometer, 2)processor, and 3)transmitter. Since energy consumption takes

place at all three parts, we take all the three parts into account to maximize the

battery lifetime.

Compressed Sensing(C-S) theory has been gaining great attention in the area

of signal sensing and compression [31] [21]. C-S promises that certain signals

can be well reconstructed from a small number of measurements without a pri-

ori knowledge of the signal structure; usually the number of measurements is

much less than the number of samples required for the Nyquist rate. C-S has the

great potential to reduce energy consumption when it is used in the small low-

performance sensing units in which collecting signals consumes a bunch of energy.

Since it is not necessary to sample signals at a high rate, the energy consumption

for sampling can be reduced. Moreover it does not require data processing after

sampling to lower the data size, thus the energy consumption induced by process-

ing can be totally omitted. Finally, the power consumption for data transmission
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can also be reduced because the amount of sensed data is initially small.

In this study, we investigate the characteristics of human body movements,

and we examine the advantage of the C-S framework in terms of energy saving

when it is applied to the wireless accelerometer data transfer system. The perfor-

mance of energy saving is evaluated on the sensing unit side. Through extensive

experiments, we show that the movement data collected by accelerometers on

several parts of human body is sparse enough to be compressed by C-S. The com-

parison between the C-S-applied scheme and the traditional compression scheme

is also analyzed. The goal of this study is to investigate the feasibility that C-S

framework can reduce energy consumption more than the previous methods at

the sensing units without increasing the implementation complexity so it can be

used in various real applications.

3.2.2 Compressed Sensing

Accelerometer 
data

Remote 
Monitoring 

Center

(a) An Example Scenario of Remote Monitoring System

Sample Compress Transmit Receive DecompressKN K

x x

K

(b) Traditional Sensing & Compression

Measure Transmit Receive ReconstructM < N M

x X’

M

(c) Compresses Sensing

Figure 3.8: The Concept of Compressed Sensing

This section presents the brief background of C-S theory and the advantages
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when it is used in accelerometer-aid human body movement studies. Figure 3.8(a)

illustrates the basic scenario of an application that transfers daily human move-

ment data. Multiple sensors, which are attached on the human body, are capable

of capturing body movements via accelerometers and transmitting the data wire-

lessly to an intermediate gathering device, such as a smart phone. The collected

data is transferred to a remote monitoring center so that it can be analyzed.

Figure 3.8(b) and (c) show how the traditional “Sensing and Compression”scheme

and the “Compressed Sensing”scheme work in this scenario, respectively. Let x

be a certain body movement signal that is sampled by the accelerometer. Assume

that N size of information is necessary for the analysis. In the formal case, each

sensing unit is required to record N size of data. Then the sensing unit may

compress the captured data before transmitting it to the remote center in order

to save energy consumption by wireless transmission. Now the data size is re-

duced to K, and the transmitter sends K size of data to the remote center. Upon

receiving the packet at the remote center, the K size of data is decompressed.

Finally the original signal x is recovered with size of N. In this system, major

energy consumption of the sensing unit takes place in all the three steps: 1)signal

sampling, 2)data compression, and 3)wireless transmission.

In the latter case, instead of capturing N size of data, only M size of infor-

mation is collected where typically M is much less than N. In C-S, this step is

called measurement. Next, the M size of data is directly sent to the remote center

without the compression step. Upon receiving, the data is reconstructed to the

original signal x. Depending on the size of M, the method of measurement, the

characteristics of the signal, and the reconstruction algorithm, the accuracy of the

reconstructed signal x’ varies. In the following subsections, we briefly explain the

two phases of C-S framework, Measurement and Reconstruction.
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3.2.2.1 Measurement

Signals can be said to be K sparse if the signal is expressible with a linear com-

bination of the basis functions. Let  ={ 
1

, 
2

..., 
n

} be a basis or a dictionary of

vectors, then the given signal x can be represented as:

x =
KX

i=1

a
n

i

 
n

i

(3.5)

where K⌧N. According to C-S theory, an M ×N measurement matrix � can be

constructed. Thus if the sensing unit takes M non-adaptive linear measurements,

then the measured signal y can be written as:

y = �x (3.6)

In the measurement process, the measurement matrix � must be incoherent

with the dictionary  . The incoherence can be provided by a random matrix

such as Gaussian entries or the Bernoulli matrix. Hardware that supports direct

construction of the measurement matrix makes possible the elimination of the

e↵ort to sample signals at the Nyquist rate [100] [51] [32].

3.2.2.2 Reconstruction

Such a measurement matrix � enables any signal that is sparse in the dictionary  

to be recovered by the C-S framework with high probability. Many algorithms that

reconstruct the original signal x from the measurements y have been proposed.

The reconstruction algorithms are generally categorized into two approaches. The

canonical approach [22] [31] [21] utilizes the linear programming to find the solu-

tion for the following l
1

minimizing problem.

argmin
a

k a k
1

subject to � a = y (3.7)

58



This method generally requires fewer measurements; however, it needs a rel-

atively higher computation complexity. Another reconstruction approach [99],

which is greedy-based, such as Matching Pursuit(MP) or Orthogonal Matching

Pursuit(OMP) is also proposed. This method, in contrast to the canonical ap-

proach, requires fewer computations but more measurements.

3.2.3 Accelerometer data of human movements

This section presents the characteristics of accelerometer data of human body

movements in terms of the applicability of C-S. To the best of our knowledge, it is

the first study that explores human body movements from the perspective of C-S.

The accelerometer signals of daily human activities, such as walking or running,

reveal that they are sparse enough to be compressed by C-S.

3.2.3.1 Experiment dataset collection

To collect the experiment datasets, we strapped a 3-axis accelerometer sensing

board, which can measure a range of ±2g, on 8 points of the human body. The

circles in Figure 3.8(a) indicate the data collection points: chest, abdomen, shoul-

der, elbow, wrist, thigh, knee, and ankle. We recorded the 3-axis accelerometer

data at 100Hz sampling rate at all 8 points for two cases: 1)normal walking and

2)light jogging.

For data analysis at the remote center, each axis data(i.e. x-axis, y-axis, and

z-axis) can be assessed separately. However, the axis information is meaningless

unless the orientation of the sensing unit is fixed on the human body. Thus

the three-component data is usually combined into a single value to avoid the

ambiguity that results from the orientation of the sensing unit. In this study, we

combined each value of the three axis data into a single magnitude ACC
mag

by

59



the following equation:

ACC
mag

=
q
ACC

x

2 + ACC
y

2 + ACC
z

2 (3.8)

where ACC
x

, ACC
y

, and ACC
z

represent the values of the x, y, and z axis

accelerometer, respectively.
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Figure 3.9: Walking Signals at Ankle for 30 seconds

The capturing precision for the human movement analysis di↵ers from ap-

plications. For example, a pedometer only requires precision of step detection;

however, more information may be necessary in many clinical researches. Fig-

ure 3.9 shows how much information can be lost as lower the sampling rate. A

number of peaks are missing in the case of lower rate. Since our approach based

on the C-S framework should also be applicable to sophisticated human movement
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researches, we select 100Hz for a high sampling rate.

Due to space restrictions, two examples of 16 human body movement datasets

are presented in this section. Figure 3.10(a) and (b) show the ACC
mag

values at

knee in the case of the normal walking and light jogging, respectively. Note that

the base ACC
mag

value is adjusted to zero for easy calculation.

3.2.3.2 Sparsity of accelerometer data
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Figure 3.10: Characteristic of Human Body Movements(Knee)

To examine the compressibility of the accelerometer signals, we investigate the

sparsity of the signals through DWT(Discrete Wavelet Transform) and DCT(Discrete
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Cosine Transform) bases, which are the most popular transforms used for image

compression. Also, both transforms are suitable for audio signal separation [96].

For the first step of the investigation on the applicability of C-S to the accelerom-

eter data, we start with the well-known bases. Figure 3.10(c) and (d) show the

DWT coe�cients of the accelerometer signals at transform decomposition level

of 3. The DCT coe�cients for the same accelerometer signals are illustrated in

the Figure 3.10(e) and (f). The transforms are done by Matlab software, and the

x-axes in Figure 3.10 are the entry numbers in vector, not indicating actual range

of time or frequency.

The signal is sparse if it has many large coe�cients and few small coe�cients

in the case of DWT, or if large coe�cients of DCT are mostly located at low

frequency. More sparsity leads higher compressibility. Figure 3.10 shows human

walking and jogging signals can take advantage of the C-S framework. In fact,

human body parts have their own unique movement patterns, and the patterns

are repeated during normal activities. For example, when people walk, arms sway

back and forth and legs do circular movements. Human body movements can be

classified into three major patterns: 1)linear movement, 2)circular movement, and

3)swingy movement.

3.2.4 Reconstruction Evaluation

In the previous section, we saw that the signals of body movements can be com-

pressed by the C-S framework. This section presents the accuracy evaluation of

various signal reconstructions using the real datasets of human body movements.

3.2.4.1 Evaluation method

The evaluation was conducted using Matlab software with the previously collected

16 datasets. For ease of computation, we adjusted all the datasets to the same
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size, 4 seconds-long (i.e. N=400). The measurement matrix � was constructed

by random Gaussian matrices. As the dictionary  , two di↵erent bases, DWT

with the transform level of 8 and DCT, were used. For the reconstruction, we

used an algorithm proposed in [49] [42].

3.2.4.2 Signal reconstruction

Figure 3.11 illustrates two examples of the signal reconstruction: 1) a walking

signal at the thigh, C-S applied with dictionary of DWT, and 2) a jogging signal

at the chest, C-S applied with dictionary of DCT. Figure 3.11(a) and (b) present

the original signals. As shown in Figure 3.11(c) and (d), 100 measurements(i.e.

25%) for both the walking and jogging movements fails to reconstruct the original

signals. In the case of walking, only 25% of measurements accurately picked most

of the peak points in the original signal; however the magnitudes were not properly

restored. In case of jogging, the magnitude and cycles of the reconstructed signal

were not far di↵erent from the originals; however they had too much noise. As a

result, 25% of the measurement is insu�cient for accurate reconstruction.

For 50% of measurements, Figure 3.11(e) shows that the magnitudes of the

peaks were accurately restored. However, the result seems that satisfactory recon-

struction is still not achieved. Some parts of the signal are not as smooth as the

original. For the chest signal of the jogging movement, as shown in Figure 3.11(f),

much noise is eliminated compared to the case of the 25% measurement, but some

noise still exists. Note that the actual accuracy requirement varies application by

application, therefore reconstructed signals with 50% measurements may provide

su�cient information for some applications.

Figure 3.11(g) and (h) show the reconstruction results where the both mea-

surement ratios are increased to 75%. For the walking signal, the reconstructed

signal is almost identical to the original. It is hard to find the erroneous points
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Figure 3.11: Two Examples of Signal Reconstruction

with the naked eye. The result of the jogging case is also much improved.
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(d) Ankle
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Figure 3.12: Accelerometer Signal Reconstruction Accuracy

3.2.4.3 Reconstruction Accuracy

Figure 3.12 presents the reconstruction error in respect to the measurement ratio

for all 16 datasets. The accuracy is represented by NRMSE(Normalized Root
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Mean Squared Error) value, which is calculated as follows:

NRMSE(X
rec

, X
ori

) =

rP
n

i=1

(x

rec

i

�x

ori

i

)

2

n

x
ori

max

� x
ori

min

(3.9)

where X
rec

and X
ori

are the reconstructed and the original signals, respectively.

x
ori

max

and x
ori

min

are the maximum and the minimum magnitude value in the

original signal, respectively.

As shown in the Figure, the signals are reconstructed more accurately as the

number of measurements increases for all datasets. For the movements of an-

kle, knee, and thigh, both DWT and DCT dictionaries present similar accuracy

tendencies, which are almost linear. Neither the type of activity nor the type

of dictionary actually a↵ects the performance of the reconstruction results. The

accuracy di↵erence of the four pairs(i.e. walking-DWT, walking-DCT, jogging-

DWT, and jogging-DCT) is insignificant.

For the movements of elbow and wrist, the DCT dictionary provides superior

performance to the DWT. In case of both body part, only 40% of measurements

restored the original signals with high accuracy(0.05 NRMSE) regardless of the

type of activity. At the 40% measurements, the accuracy of DCT is at most 3

times higher than DWT for the walking movement and at most 4 times higher for

the jogging movement.

For abdomen, chest, and shoulder, the accuracy improves linearly as the cases

of leg movements(ankle, knee, and thigh) do. However the gap of reconstruction

accuracy for each pair is relatively large compared to the leg movements where

the measurement is below than 70%. Regarding to the signal reconstructions by

body parts, more observations and analysis are presented in Section 4.2.6.
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3.2.5 Energy Consumption Comparison

In this section, we compare a wireless human movement data transferring system

that utilizes the C-S framework with the same application that uses traditional

“sensing and compression”scheme in terms of energy savings.

3.2.5.1 Evaluation method
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(b) Compression Performance in time

Figure 3.13: Conventional Compressions

For a realistic comparison between the two schemes, we performed a case study

using a Mica2 Wireless Sensor Network mote [8] with MST310 sensor board [9].

We chose Mica2 as the experiment platform not only because it was an available

programmable device but also because Mica2 was originally designed for low-power

wireless sensing tasks. Mica2 with MST310 is equipped with an accelerometer, a

low-power processor, and a low-power wireless transceiver. To measure the energy

consumption for the data compression, we implemented two basic compression

algorithms, Hu↵man and SF(Shannon-Fano) on Mica2 mote using TinyOS [7],

and we measured the elapsed time for the completion of the compression. We also

recorded the compressed data size. The results are shown in Figure 3.13. Since the

Hu↵man algorithm outperforms the SF algorithm in both criteria(i.e. the elapsed

time and the compressed size), we used the Hu↵man code for the evaluation. Note
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that the Hu↵man code is lossless algorithm and C-S framework is lossy scheme,

thus two schemes cannot be compared directly. However, this study focuses on

the feasibility of C-S framework rather than specific performance comparison. We

select the Hu↵man code since it is simple and e�cient for the accelerometer data.

3.2.5.2 Power Consumption Model

Since a power measuring instrument was not available when we conducted the

experiments, alternatively we calculated the power consumptions of two schemes

using the proven experiment-based data. Table 3.1 presents the current dissi-

pation data of Mica2’s core parts. The data have been acquired from actual

measurements in [91].

Part Description Standby Idle Active

Accelerometer (ADXL202JE) 700µA

Processor (Atmega128L) 216µA 3.2mA 8.0mA

Transceiver (CC1000, Tx power:0) 3.72mA

Transceiver (CC1000, Tx power:↵) 21.48mA

Transceiver (CC1000, Rx) 7.03mA

Table 3.1: Current Dissipation of Mica2 Sensor Mote

Radio Timing Data Time

Tx time/bit 62.4µs/bit

Average Carrier Sensing time 40.95ms

Table 3.2: Radio Timing Data of Mica2

In this study, for simplicity, we calculated the power consumption only caused

by the three parts (i.e. the accelerometer, processor, and transceiver) which are

the core parts in the sensing unit. The total power consumption P
total

during

the time period of T was calculated by Equation (3.10). The parameters of the
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power consumption model are explained in Table 3.3. Note that in the case of

the traditional compression scheme, additional power consumption may occur

due to memory read/write operations. However, it is not included in our power

consumption model because of lack of the detailed data.

P
total

(T ) = (P
acc

⇤ t
acc

+

P
mcu active

⇤ t
compression

+

P
mcu idle

⇤ t
radio

+

P
mcu standby

⇤ (T � (t
compression

+ t
radio

)) +

P
tx

⇤ t
tx

+

P
rx

⇤ t
cs

) ⇤ V (3.10)

Parameter Explanation

P
acc

Current dissipation at accelerometer

P
mcu active

Current dissipation at processor during active mode

P
mcu idle

Current dissipation at processor during idle mode

P
mcu standby

Current dissipation at processor during standby mode

P
tx

Current dissipation at transceiver during transmission

P
rx

Current dissipation at transceiver during reception

t
acc

Time duration of accelerometer sensing

t
compression

Time duration of compression operation

t
radio

Time duration when transceiver is active

t
tx

Time duration of transmission

t
cs

Time duration of carrier sensing operation

V Voltage

Table 3.3: Parameters of Power Consumption Model

69



3.2.5.3 Energy consumption comparison

To evaluate how much energy the C-S framework can save, we calculated the total

power consumption at the sensing unit for two schemes(i.e. C-S framework and

traditional compression) using Equation (3.10) and parameter values in Table 3.1

and Table 3.2. We set the compromising level of reconstruction error to 0.05

NRMSE. For example, in the event of elbow signals, a 0.05 NRMSE requirement

is first satisfied by 40% of measurement for both walking and jogging activities

if we use the DCT dictionary. In this case, the total energy consumption for

40% measurements and the packet transmissions is compared with the energy

consumption for 100% measurements, data compression, and the transmissions of

the compressed data size. For another example, in the case of shoulder signals,

the 0.05 NRMSE requirement is first satisfied by 50% of measurements using

DCT dictionary for walking activity and 70% of measurements using the DCT

dictionary for jogging activity. Thus the energy consumption by C-S scheme

for the cases of 50% measurements and 70% measurements are calculated and

compared with the traditional scheme. 2D Graph 1
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Figure 3.14: Energy Saving Rates

Figure 3.14 shows the energy consumption rates of both schemes where the

energy consumption of the sensing without power saving scheme is 1. In the

case of the traditional scheme, the bu↵er size for the data compression is set to
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200 bytes. In other words, when the accelerometer samples 200 byte data, the

processor performs the compression processing. Note that TinyOS 2.0 does not

allow a single packet to have more than 115 bytes. Although we performed the

evaluations based on the Zigbee platform, we did not restrict the platform to

Zigbee. Thus we assumed that the packet size can be larger than 115 bytes.

The compression scheme constantly saves 12% energy compared to the non-

scheme system. This is because the Hu↵man algorithm provides almost the same

compression performance for all the datasets. Note that the 12% energy saving

in the compression scheme may not be impressive. The reason that the compres-

sion scheme could not greatly reduce the energy consumption is because we set

the transmission power to the minimum value. The current dissipation of the

transmitter with the maximum power is 6 times larger than the case of minimum

transmission power.

On the other hand, the C-S framework provides inconstant performance. De-

pending on the body parts and the type of human activity, the C-S scheme reduces

more energy consumption than the compression scheme by from 5% for the jog-

ging movement at the chest to 40% for the walking movement at the wrist. Only

one case of the C-S scheme, which is the knee signal for jogging activity, fails to

save more energy than the compression scheme. The results show that the walking

movement is more compressible by C-S than the jogging movement. In the case

of walking activity, on average, C-S saves 24% more energy than the compression

scheme. In the case of jogging activity, the saving rate is 12%.

3.2.6 Discussion

In the previous sections, we examined the applicability of the C-S framework

to wireless accelerometers for human body movements. This section discusses

the observations and considerations of the results presented in this study and
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directions for future work.

3.2.6.1 Human body movements

As shown in Figure 3.12, reconstruction accuracy by C-S varies depending on what

activities humans are doing and where the sensing units are attached. In the case

that the sensing unit is attached on the torso(i.e. chest, abdomen, or shoulder) of

which the movement is mostly linear, the accuracy of signal reconstruction varies

by not only the type of activity, but also the type of dictionary. In the case of leg

movements(i.e. ankle, knee, or thigh), which are generally circular, neither the

activity nor the dictionary makes any di↵erence in the reconstruction. For arm

movements(i.e. elbow and wrist), which are pendulum-like, the type of dictionary

is a dominant factor that determines the accuracy, while the type of activity is

not.

Di↵erent body parts have di↵erent characteristics(linear, circular, or swingy

movements) in terms of the level of compressibility. Thus di↵erent strategies are

required to maximize the performance when applying C-S to the accelerometer

data of the human body movements. This study investigates two cases of hu-

man activity. In future work, we will explore more diverse human activities(e.g.

cycling, jumping, fast running, and so on.).

3.2.6.2 Dictionary

The dictionary  is a critical factor that determines the reconstruction accuracy.

Figure 3.12(g) and (h) are the examples that show how the dictionary impacts on

the results. For jogging activity in both cases, DCT provides over 150% improved

accuracy compared to DWT at the 50% of measurements. For walking activity,

DCT also reconstructs the original signals with at most 80% better accuracy at

the same measurement level. On the other hand, no di↵erence is shown between
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two dictionaries when the sensing unit is attached on ankle, knee, and thigh as

presented in Figure 3.12(d), (e), and (f). This study preliminarily examined two

popular dictionaries. In future work, we will explore the other dictionaries to find

the optimal ones for di↵erent body points and di↵erent human activities.

3.2.6.3 Reconstruction Algorithm

In addition to the type of dictionary, the reconstruction algorithm also a↵ects

the accuracy of signal restoration. Since it is not the scope of this study to

find the optimal algorithm, we used one reconstruction algorithm that has less

implementation complexity. It may be possible, however, to improve accuracy

with fewer measurements via the optimal algorithm. Reconstruction methods

that can accurately and e�ciently restore human body movement signals will be

investigated in future work.

3.2.6.4 Application-specific hardware

For the energy consumption comparison between two schemes, we used a Mica2

sensor mote as an experiment platform. All the results are calculated based on

the specifications of Mica2. However, much more energy than we presented in this

study can be saved with C-S for two reasons.

First, the computing power of the micro-processor of Mica2 is superfluous be-

cause it is designed for general Wireless Sensor Network applications. It should

provide computing power for sensing, data processing, routing, and so on. How-

ever, wearable body sensors require no such complicated tasks. The two key tasks

are 1)collecting accelerometer data and 2)transmitting the data to a device within

one-hop communication range. If we can utilize the C-S framework, the processor

does not necessitate any computing power for the data processing. Since a proces-

sor with extremely limited computing power is su�cient to perform the sensing
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task, we can save not only on power consumption but also on manufacturing costs.

Second, the transceiver power of Mica2 is also excessive. Since the data trans-

missions of the sensing units take place only within an individual body area, pow-

erful transmission is not necessary. General purpose wireless transmitters such as

Zigbee, Bluetooth, or Wifi, which have the communication range of tens to sev-

eral tens of meters, consume at least several mAs. On the other hand, the target

power consumption of transmitters specially designed for body area networking

is less than 100µW [86] [89]. In real applications, thus, the impact of wireless

transmissions on total energy consumption may be much less than the system

that consists of Mica2 motes.

3.2.6.5 Energy consumption measurement

In this study, we estimate the power consumption of the wireless accelerometer

data transfer application with a simple model based on the specification of each

part. The sensing unit does nothing but the assigned task (i.e. sensing, processing,

and transmission), and the power consumption is extremely low when devices are

not in active mode. Therefore, the estimated results may not be far di↵erent

from the actual measurements. However, since many parts in the sensing unit

are connected with each other, some factors that are not considered in the power

consumption modeling may a↵ect the total energy consumption. For an accurate

comparison, it may be necessary to measure energy consumption with a power

measuring instrument.

3.2.7 Conclusion

In this study, we investigate the characteristics of human body movements in

terms of the C-S framework applicability, and examine how much energy C-S

scheme can save compared to the traditional compression scheme where the wire-
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less accelerometers are attached to the human body. We conclude our work as

follows:

• We show that the accelerometer signals of human body movements are sparse

in both DWT and DCT dictionaries using various datasets that are collected

through real human activities.

• We evaluate the reconstruction accuracies for the 16 types of human body

movements. We present that the reconstruction accuracy varies by not only

the body part but also the human activity. The dictionary should be chosen

with regard for the characteristics of the human body movements.

• We also investigate how much energy consumption the C-S framework can

reduce in the real sensing platform, Mica2. The evaluation using realistic

values shows that the basic C-S scheme can save up to 40% more energy

than the traditional scheme.

• Most importantly, C-S still has further potential to save more energy. Trans-

mitters designed for short-range body area networking consume much less

energy than conventional transmitters. In the case that the low-power trans-

mitter is used, the processor also becomes a major power-consuming part.

Since C-S does not require complicated processing jobs by the sensing unit,

the unit can perform its task with a processor that has extremely limited

computing power. The low-energy and low-performance processor reduces

not only the energy consumption but also the manufacturing cost.

In future work, we plan to explore other dictionaries and reconstruction algo-

rithms to find the optimal pair that maximizes energy saving under the condition

which tiny wireless accelerometers transfer the human body movements.
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CHAPTER 4

Location-aware Mobile Wellness Monitoring

4.1 Location-aware Background Tra�c Scheduling on Mo-

bile Devices

4.1.1 Introduction

Achievement of energy e�ciency is an essential prerequisite for the most mobile

applications, especially mobile health monitoring applications of which goal is

to keep track of patients’ wellness and medical conditions in their daily lives.

Seamless and continuous monitoring and wireless data transmission is necessary

for such applications in order for users to receive proper services.

Typical mobile health monitoring systems consist of three tier architecture; 1)

wearable medical sensors, 2) a portable gateway device, and 3) a remote mon-

itoring center. Energy saving can be achieved at both two interfaces (i.e., 1)

between medical sensors and a gateway device and 2) a gateway device and a

remote center). In this study, we focus on how to reduce energy consumption at

the second interface. In other words, we explore methods that energy-e�ciently

transfer the gathered sensor data to a remote monitoring center or a healthcare

provider via wireless channels while minimizing the quality of user experience for

other applications.

Modern smartphones are capable of performing the roles of a gateway device in

mobile health monitoring system because they have powerful computing resources
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(e.g., quad core CPU, 2-3GB RAM, and 10s to 100s of GB flash memory) and the

ubiquitous wireless communication capability such Bluetooth interface to connect

with multiple sensors and a broadband and a baseband interfaces to connect with

remote servers via the Internet.

One of the problems of a smartphone as a gateway device is that the phone

is also used for other applications. In particular, background processing and

background wireless data exchange by other applications are the hidden factors

that consume battery and, in severe cases, they possibly cause failure of health

monitoring due to a dead battery. Most mobile applications are unaware of the

wireless transmission energy characteristics, where the energy consumption is not

proportional to the size of the exchanged data. This unawareness often results in

applications performing undisciplined transmissions even without user interaction.

In particular, the background tra�c created by many applications with their own

schedules leads to high energy consumption.

A study [46] shows an example of the energy consumption impact of the back-

ground tra�c on the battery depletion, 10 minutes of active background tra�c

(i.e., without user interaction or use of the device) can consume 1.6% of the en-

ergy of a fully charged average battery. According to the experiments from 20

volunteers, 35% of the total wireless tra�c was categorized as background tra�c

(i.e., tra�c while screen is o↵) which consumed 58% of the total radio energy

consumption.

In this study, we investigate how to save energy at a gateway device (i.e.,

smartphone) by actively rescheduling the background tra�c by other applications.

In particular, we exploit mainly two information: 1) Wi-Fi availability prediction

based on the users’ daily mobility pattern and 2) background tra�c profiles that

is built based on the end-to-end connection duration. We collect real background

tra�c data on a smartphone with average number of applications installed and

real human mobility data, and conduct simulation experiments using the collected
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data. Experimental results show that at most 5 minute delay of background tra�c

achieves approximately 50% of energy saving and location prediction based Wi-Fi

data o✏oading scheme additionally reduces 5-10% energy consumption depending

on the density of Wi-Fi deployment.

4.1.2 Background

This section shows how small amount of cellular tra�c by mobile applications

in background drains battery. We provides background of resource allocation

mechanisms and energy consumption characteristics in cellular networks and Wi-

Fi communication.

4.1.2.1 Background tra�c

The number of mobile applications is exploding along with the rapid growth of

mobile devices such as smartphones and tablet PCs. There are over 2 million apps

on markets and 100 billion apps have been downloaded as of 2013. On average,

US smartphone users have more than 40 apps on their devices. Along with the

advancement of cellular networks, smartphones have ubiquitous connection to the

Internet and this technological advancement resulted in that more mobile appli-

cations communicate with their remote servers to keep up-to-date status. The

status maintenance tra�c usually occurs in background mode and has relatively

small amount of data size, however, the unsynchronized small amount of wire-

less tra�c from many applications possibly leads to significant amount of energy

consumption due to the inherent nature of cellular networks.

We conduct measurements to see how much energy can be consumed by such

background tra�c. First, we installed the average number of popular applications

on a smartphone. To emulate the default scenario, in the cases of messenger and

social network service apps, we logged in the applications but did not make in-
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tensive connections. For the other type of services (e.g., weather, news, or photo

apps), we left the default settings. Then we left the smartphones untouched (i.e.,

did not push any keys, did not launch any apps in foreground and screen was

always o↵) and measured the background tra�c via 3G networks for one hour.

This experiments repeated 10 times at di↵erent times. The results show that

approximately 2,300 packets exchanged during one hour. The total data size is

approximately 850KB. Considering the network bandwidth of modern cellular net-

works, less than 1MB tra�c for one hour duration seems insignificant. However,

it actually causes approximately 720 Joules of energy consumption on a mobile

device. We find the energy consumption data by applying the collected data to

ARO [4] tool, a mobile application optimizer from AT&T. Such energy can be

converted into 3-4% of energy consumption on modern smartphones. In the case

when battery is not fully charged, such energy consumption that the user is not

aware can be critical. The reason why a small amount of tra�c causes relatively

large amount of energy consumption is because cellular networks has tail-e↵ect.

In other words, in cellular networks, de-promotion to lower energy consumption

state does not occur immediately after packet transmission. Figure 4.1 shows an

example of energy consumption for di↵erent 3G network states. If a mobile device

transmits/receives packets sporadically, it possibly leads to the same energy con-

sumption with a case of continuous packet transmission due to the delayed state

transition mechanism.

4.1.2.2 Cellular networks energy consumption

Cellular networks employ a resource management policy distinguishing them from

wired and Wi-Fi networks. In particular, there exists a radio resource control

(RRC) state machine that determines radio resource usage based on application

tra�c patterns, a↵ecting device energy consumption and user experience [85].

Similar RRC state machines exist in di↵erent types of cellular networks such as
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IDLE->DCH 
No actual 
transmission 

Actual 
transmission 

DCH Tail-time 
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FACH Tail-time 
No actual 
transmission 

IDLE 

Figure 4.1: Example Power Consumption of Di↵erent 3G states

UMTS (Universal Mobile Telecommunications System), EvDO (Evolution-Data

Optimized), and 4G LTE (3GPP Long Term Evolution) networks although the

detailed state transition models may di↵er.

3G background Radio Network Controller (RNC) in the UMTS Terrestrial

Radio Access Network (UTRAN) plays a key role of radio resource management,

and it influences the energy consumption when the User Equipment (UE) uses

radio physical channel. According to Radio Resource Control (RRC) that is de-

fined in the UMTS Wideband Code Division Multiple Access protocol stack, UE

can be in one of the states presented in Figure 4.2.

In the Dedicated state, a dedicated physical channel (CELL DCH) is allocated

for the terminal in both uplink and downlink providing higher data rates. The

terminal has access to dedicated uplink or downlink transport channels, shared

transport channels and a combination of them. In the Shared state, i.e., Forward

Access Channel (CELL FACH), the terminal is assigned a default common or

shared transport channel in the uplink and monitors the downlink continuously.

The UE can transmit small data packets at lower data rates on the Random

Access Channel (RACH). While in CELL DCH and CELL FACH the UE remains
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connected to the RNC. The UE is in the Idle state when there is no network

activity. It is not connected but it still can check if there is any downlink packet

available.

State transitions on the UE occur based on tra�c volume and inactivity timers

controlled by the RNC. Statically set inactivity timers control the state transitions

among the three states. For example, when the UE is in the DCH state for several

seconds without any or small data transmission, the RNC releases the dedicated

channel and switches the UE to FACH by means of the RRC protocol.

CELL_DCH 
High Power 

High Bandwidth 

IDLE 
No Radio 

No Bandwidth 

CELL_FACH 
Low Power 

Low Bandwidth 

Figure 4.2: State Transition in 3G

LTE background As shown in 4.3, it has a similar concept but di↵ers from

the 3G UMTS RRC state machine in two ways: 1) there exist only two RRC

states: RRC CONNECTED and RRC IDLE, and 2) within RRC CONNECTED,

there are three micro-states: Continuous Reception, Short DRX, and Long DRX.

DRX stands for “discontinuous reception”, a new feature that allows a handset to

periodically wake up to check the downlink transmission channel, thus reducing its

radio energy consumption. Specifically, the channel access in DRX mode consists

of consecutive DRX cycles. Time slots in each DRX cycle belong to either an

on duration or a sleep duration. In an on duration, the handset monitors the

Physical Downlink Control Channel (PDCCH) for any incoming data, while the
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handset simply hibernates in the much longer sleep duration, in order to save the

energy consumed by the radio interface. The di↵erence between Short DRX and

Long DRX is the length of the sleep duration in each DRX cycle. DRX incurs

tradeo↵s between the latency and the energy consumption. Increasing the sleep

duration saves the radio energy but worsens the latency as the handset wakes up

less frequently to check the downlink channel. UMTS 3G does not use DRX at

the DCH or FACH state so the handset has to continuously monitor the downlink

channel. But DRX is used at the RRC IDLE state for both 3G UMTS and 4G

LTE.

For state transitions, the promotion from RRC IDLE to RRC CONNECTED

is triggered by an uplink or downlink packet of any size, which also triggers tran-

sitions from the two DRX modes to the Continuous Reception mode within the

three micro-states. Demotions from RRC CONNECTED to RRC IDLE, as well

as from Continuous Reception to Short DRX, then to the Long DRX mode are

controlled by three inactivity timers. It is important to note that in 4G LTE

networks, both the tail time caused by the inactivity timer from RRC IDLE to

RRC CONNECTED, and the promotion overhead from RRC CONNECTED to

RRC IDLE still exist [45].

Continuous 
Reception 

Short 
DRX 

Long 
DRX 

RRC_CONNECTED RRC_IDLE 

DRX 

Figure 4.3: State Transition in LTE
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4.1.2.3 WiFi energy consumption

The transmission energy consumption for WiFi is mostly influenced at the driver

level in the WiFi station (i.e., the client handset) depending on the power save

mode used. The station is in the Constantly Awake Mode (CAM) when it has

the power-saving features disabled experiencing the best performance. The IEEE

802.11 standard defines a Power Save Mode (PSM), which allows the stations to

switch to low power mode during predefined periods of time when not transferring

any data. The access point (AP) bu↵ers downlink frames for the clients and the

clients wake up periodically (at multiples of the beacon interval). The clients

send a Power Save Poll (PS-Poll) message to the AP to receive each bu↵ered

frame. Recent smartphones implement a mechanism named Adaptive PSM to

overcome the overhead and latency drawback of using this PS-Poll mechanism [53].

The client switches between the CAM and PSM modes based on heuristics (e.g.,

number of packets, tra�c inactivity period or screen on/o↵). The client uses the

power management field in null data frames to inform the AP about its current

mode.

4.1.3 Location-aware background tra�c management

This section presents the motivation and details of the proposed scheme. From the

observation of the technological and user demand trends, we found the following

facts:

1. Many mobile wellness or health monitoring applications tend to periodically

transfer a summary of user’s current status to a remote center in order

to keep track of up-to-date information. In cases of real-time applications

that is designed to cope with an emergency situation, the interval of data

transmission would be much shorter, however we believe that the average

transmission interval is several minutes to a hour.
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2. Location information becomes more important. For richer analysis of hu-

man wellness, it is necessary that the sensed data includes location infor-

mation. The location data can be simple coordinates, however it becomes

more meaningful when it has contextual information. For example, sensed

data like elevated heart rate at cafeteria involves richer information than

elevated heart rate at (x,y) coordinates.

3. Smartphones have taken over the dedicated devices for a gateway device

in mobile wellness systems as smartphones technologically evolve rapidly in

terms of computing power and wireless connectivity. One of the problems of

a smartphone as a gateway device is that the phone is shared with other ap-

plications. Background processing and background wireless data exchange

by other applications are the hidden factors that consume battery. Most

mobile applications are unaware of the wireless transmission energy charac-

teristics, where the energy consumption is not proportional to the size of the

exchanged data. This unawareness often results in applications performing

undisciplined transmissions even without user interaction. In particular, the

background tra�c created by many applications with their own schedules

leads to high energy consumption.

4. Wi-Fi becomes more ubiquitous. Wi-Fi has already been densely deployed

indoor and outdoor and the availability (i.e., both private and public hotspots)

keeps increasing. Usually wireless communication via Wi-Fi is energy e�-

cient than cellular data networks.

Based on the observations, we come up with a energy saving technique at a

gateway level, which is a background tra�c re-scheduling framework exploiting

location information.
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4.1.3.1 Basic Idea

Figure 4.4 illustrates the basic idea of the proposed scheme with an example sce-

nario. In the scenario, a smartphone user who uses a mobile wellness application

goes to work in the morning and come home from work in the afternoon. In this

example, we assume that the wellness application periodically sends data to a

remote center and Wi-Fi is available at workplace and home.

In the morning, before the user goes to work, all the data communication

on the smartphone are done through Wi-Fi. When the user steps out of the

house, Wi-Fi is disconnected and based on the user’s life pattern in the past,

the smartphone can predict that the user goes to work and there will be no Wi-

Fi availability for a long time (e.g., one hour). In this case (i.e., a-b section

in Figure 4.4), we bundle up background packets, which are usually have low

priority and delay tolerant, and transmit the bundle along with the wellness data.

As the user gets close to the workplace, the smartphone knows that Wi-Fi will

be available shortly (i.e., b-c section). Thus, we hold the background packets

and transmit them once the smartphone is connected with Wi-Fi. Note that we

hold o↵ only background packets, the wellness data is transmitted via cellular

networks to guarantee no delay. Since Wi-Fi is available at workplace, again,

all the background and wellness data packets are sent via Wi-Fi. Now suppose

that the user visit another building near his workplace. In this case, Wi-Fi will

be disconnected, however it will be available shortly at the other building (i.e.,

c-d section). If the user has visited that building frequently in the past, the

smartphone can predict this situation with high probability. Thus, we hold the

background tra�c and send them once Wi-Fi is available. Now the user leaves

work (i.e., d-e section), again it is expected that Wi-Fi is unavailable for one hour.

Thus, we bundle up background packets and transmit them periodically along with

the wellness data. When the user approaches home, we hold background packets

for Wi-Fi o✏oading at home.
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(a) 

(b) 

(c) (d) 

(e) 

Figure 4.4: Illustration of Basic Scenario

The system architecture of the proposed scheme is presented in Figure 4.5. The

proposed technique is implemented in Kernel space of a smartphone since we need

to handle the background tra�c from all the applications. The State Monitor

monitors the current connection state of a smartphone and the packet types, in

other words, it checks whether the smartphone uses cellular networks or Wi-Fi and

it also checks what application is active. If the phone is not connected with Wi-

Fi, all the background tra�c is intercepted at the Netfilter Hook. Netfilter [5]

is a framework within the Linux kernel that provides network capabilities such

as network address translation (NAT) and packet interception and modification.

Therefore, the flow of the network tra�c can be controlled and modified according

to our requirements. The captured tra�c is used for building background tra�c

profiles for each destination IP at the Tra�c Profiler. Background tra�c is

usually bi-directional tra�c, in other words, it consists of transmission and re-

ception of packets. Thus, we cannot simply classify the tra�c based on the size

of out-going packets. It is necessary to take some time to find the characteristics
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of tra�c for each application. Once the profile for an application is created, the

background tra�c from the particular application is stored in either Short Con-

versation Queue or Long Conversation Queue based on the characteristics of the

packets. The Location Manager is responsible for building the user’s mobility

history and based on the prediction model, it predicts the next location of the

user. The Packet Injector is in charge of transmitting the queued packets. It

uses a function implemented in Netfilter to re-inject the queued packets into the

network stack. The packet re-injection event occurs 1) when background tra�c

bundle transmission timer expires if the phone is not connected with Wi-Fi or 2)

immediately when the phone is connected with Wi-Fi.

User Space 

Kernel Space 

Mobile 
App 

Data Link Layer 

Wellness/Health 
Monitoring App 
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Manager 

Packet 
Injector 

Mobile 
App 

... Mobile 
App 

Traffic 
Profiler 

Netfilter 
Hook 

State 
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Queue 
Manager 

Short Conversation Queue 

Long Conversation Queue 

Mobile 
App 

Figure 4.5: Architecture of Location-aware Background Tra�c Scheduler

4.1.3.2 Packet bundling

As shown in Figure 4.5, we maintains two types of queues. We explain in Sec-

tion 4.1.2 that in cellular networks, how long the conversation lasts is more impor-

tant than how much data is exchanged. Small size packets that are periodically
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transmitted consume the same amount of energy with continuous transmission.

Thus, we classify the destination IPs based on the total duration of packet ex-

change that is triggered by the initial packet. For example, Figure 4.6(a) shows

example packet traces captured from an application that communicates with NHN

server in background. As shown, most conversations ends within 1.5 seconds.

Another example shown in Figure 4.6(b) shows the application exchange more

packets with Google server but the conversation time does not exceed 3 seconds.

We classify those background tra�c as “Short Conversation Type” in which the

conversations end within several seconds. On the other hand, Figure 4.6(c) shows

di↵erent type of conversation. It shows that the application exchanges much more

packets with Facebook server and the conversation lasts approximately 120 sec-

onds. We classify this background tra�c as “Long Conversation Type” in which

the conversations continue for 10’s of seconds or even longer.

Reinjection of the queued packets occurs based on the parameters defined in

Table 4.1. When Wi-Fi is unavailable, the proposed scheme tries to Transmit

as many packets as possible without sacrifice of user experience. If UE
thre

>

INTV L
wellness

, INTV L
background

is set to the maximum value of multiples of

INTV L
wellness

, where INTV L
background

 UE
thre

.

In case that UE
thre

< INTV Lwellness, INTV L
background

is set to

argmaxGCD(x, INTV L
wellness

), where x  UE
thre

.

We apply Pr
long

only to the “Long Conversation Queue” to prevent a single

long-conversation-type packet from destroying well-bundled short-conversation-

type packets. In other words, if any long-conversation-type packet is reinjected

along with every short-conversation-type packets, we achieve less energy saving by

packet bundling because the smartphone stays in the high bandwidth (i.e., high

power consumption) state.

When Wi-Fi is predicted to be available in T
wifi

, INTV L
background

is set to

2⇥ T
wifi

to hold o↵ packet reinjection. If Wi-Fi is not connected after 2⇥ T
wifi

,
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(a) Example of Short-term Tra�c (1)
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(b) Example of Short-term Tra�c (2)

24/50 
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(c) Example of Long-term Tra�c

Figure 4.6: Examples of Di↵erent Background Tra�c Patterns

INTV L
background

is set to the previous setting to guarantee the quality of user

experience.

Parameter Description

UE

thre

User experience threshold

INTV L

wellness

Wellness data transmission interval

INTV L

background

Background packet bundle transmission interval

Pr

long

Probability of long conversation queue flush event

Table 4.1: Packet Reinjection Parameters
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4.1.3.3 Daily human mobility pattern
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Figure 4.7: Example of Regularity of Human Daily Mobility

We assume that ordinary people have some degree of regularity in their daily

mobility. To visualize the regularity, we analyze fine-grained mobility data col-

lected for over 3 months from 5 ordinary volunteers. Figure 4.7 shows an example

of the regularity and predicability of daily human mobility. We use 2 minute-time

bucket and measure the number of visits at the most visited place in every bucket.

Figure 4.7 shows the average probability of being at a most visited place. The

result shows that ordinary people spend most of their time in a few places with

temporal regularity. For example, people tend to stay at a particular place (i.e.,

home) between 8PM to 6AM with over 80% of probability. In our analysis, peo-

ple spent approximately 81% out of 24 hours staying in place and, in most time,

the presence probability at most visited place is over 50%, indicating that the

predicability of human mobility has at least 50% of success rate. The exceptional

case is when people are commuting. During commuting time (e.g., 6-8AM and

4-6PM), the predicability is less than 30%.

For the successful prediction for the next place, not only the next location

prediction but also the stay-duration prediction at locations are necessary. To
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this end, we use the Markov predictor with time-aided scheme. The Markov

predictor is widely used as a location-dependent model [59, 94].

For the Markov predictor, consider the mobility history

H = (l
1

, ta
1

, s
1

), · · · , (l
n

, ta
n

, s
n

), where ta
i

is the arrival time and s
i

is the stay-

duration at location l
i

. From H, we extract the location history L = l
1

, l
2

, · · · , l
n

,

and the finite set of m visited places. From L, the recent k location context is

L(n � k + 1, n) = l
n�k+1

, · · · , l
n

. Now the order-k Markov predictor generates

the residence-time distribution S at the current location l
i

. In other words, S
i

=
P

m

j=1

(p
ij

S
ij

), where p
ij

= Pr(i
x+1

= l
j

| L(x � k + 1, x) = l
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, · · · , l
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) and

S
ij

is the form of a discrete histogram distribution from the stay-duration set.

Here,
P

m

j=1

p
ij

= 1 and
R1
0

S
ij

(t)dt = 0 or 1.

The time-aided scheme is used to extract the useful information from the exten-

sive data and to compensate the non-prediction cases. The time-aided scheme [95]

uses a paired state of location and arrival time (l
x

, ta
x

) with quantized time buck-

ets. This scheme assumes that the stay-duration is dependent on the arrival time

at a place. For example, if a person enters the workplace at 10AM. then she or he

mainly remain for 2 hours with high probability due to lunch out. Whereas if the

person enters the same location at 1PM, the stay duration is highly likely 4 hours.

To generate the residence-time distribution, the time-aided Markov predictor uses

the stay-duration set

S
ij

= s
x

| L(x� k + 1, x+ 1) = l
i�k+1

, · · · , l
i�1

, l
i

, l
j

andA(x� k + 1, x) = c,

where A is the history of arrival time and c is recent k arrival time sequences.

We apply the time-aided scheme to the order � 1 Markov predictor. We analyze

the performance of the location predictor using the fine-grained human mobility

traces. The predictor provides approximately 70% of predicability and 62% of

correct provision.
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4.1.4 Evaluation

4.1.4.1 Evaluation Method

To evaluate the proposed scheme, we select simulation based experiments using

real cellular tra�c and real human mobility data. The reason why we choose

simulation based evaluation is because it is hard to reproduce the same experi-

mental environments. It is impossible to take the exact same routes at the exact

same time everyday. Figure 4.8 depicts the evaluation method we use. First,

we collected real background 3G tra�c data for 8 hours using Tcpdump soft-

ware installed on Android smartphone. During the data collection, we randomly

turned on the screen twice per hour to emulate real users’ behavior since many

smartphone users tend to turn on the screen simply to check time or just for no

reason. This action may trigger other background tra�c since some apps try to

communicate only when the screen is on. In this case, although a user activates

the data transmission, the tra�c is still considered as background tra�c because

the user does not intend using the associated application.

Mobility Sample 

Background 
Traffic Sample 

Wellness App 
Data 

Simulation Results 
Wi-Fi 
Model  

ARO  

Energy Consumption 
Estimation 

Figure 4.8: Real-trace Data Based Simulation

The collected background tra�c data is later fed to the simulator along with

the fine-grained human mobility data that is also collected by real humans for over

3 months periods. For the mobility data, the first half part is used for training

data to build the mobility history and the rest is used for online prediction data.
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The simulator also takes another data as an input, which is synthesized packets

emulating wellness report data that is scheduled to be transmitted periodically.

Based on the parameters we set and the data we feed, the simulator outputs two

types of result data: 1) adjusted PCAP file based on the transmission interval

of wellness report data and the user defined parameters and 2) summary data

that consists of packet size and transmission timing for calculating energy con-

sumption by Wi-Fi. We use ARO [4] to calculate the energy consumption by 3G

networks and use Wi-Fi power model presented in [15] for the energy consumption

calculation of Wi-Fi.
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Figure 4.9: Energy Consumption vs. Wellness Data Size

As a preliminary experiment, we first measure the energy consumption by

background tra�c via 3G networks using two di↵erent wellness data sizes. The

goal of this experiment is to find out how 1) the size of wellness data and 2) the

frequency of wellness data transmission a↵ect the total energy consumption by

background tra�c. Figure 4.9 presents the normalized energy consumption with

respect to the wellness data transmission frequency with two di↵erent data sizes.

In this experiment, Wi-Fi o✏oading based on user’s location prediction is not

included. The results show that the size of wellness data does not significantly
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a↵ect the energy consumption. It is because that modern cellular networks (i.e.,

3G or LTE) provide enough bandwidth, thus 100KB size data can be transmitted

within a short time. The results also show that the energy consumption increases

exponentially as the transmission frequency increases. It is because that high

frequency of data transmission leads to the mobile device has higher chance to

stay in high power consumption state longer.

4.1.4.2 Impact of Bundling Interval

In this evaluation, we measure the normalized energy consumption with respect to

the interval of bundled background tra�c transmission (i.e., INTV L
background

).

For the base case of this experiment, we transmit 10KB wellness data every 5

minutes without the background tra�c bundling technique (i.e., no background

tra�c is enqueued). Figure 4.10 is an visualization example of tra�c bundling

showing that packets are stored in either long or short conversation queue and

reinjected at every 5 minutes. It can be found that in the time section between

300 and 600 seconds, long-conversation type packets still cause similar energy

consumption compared with the case of non-bundling. The reason is that we can

only hold o↵ the initial out-going packets. Packet bundling does not reduce the

total time duration of packet exchange. Energy consumption is intimately related

with the elapsed time not the data size. On the other hand, in the time section

between 1,500 and 1,800 seconds, it is found that significant amount of energy is

saved because only short-conversation type packets are transmitted in this section.

The di↵erence between non-bundling and bundling is clearly shown.

Figure 4.11 presents the impact of background tra�c bundling interval on the

energy consumption. There is significant improvement between non-bundling case

and bundling at 5 minute interval. Approximately 55% of energy is saved simply

by holding packets at most for 5 minutes. We believe that at most 5 minute

delay of background tra�c does not degrade the quality of user experience. The
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Delayed packets from 
long conversation-type 
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Well-bundled with 
short conversation-
type traffic  

Figure 4.10: Example of Bundling

result shows that as we increase the holding time we gain more energy e�ciency.

However, the saving rate is not significant as the first 5 minute interval. The saving

rate in case of non-bundling to 5 minute bundling is approximately 55%, whereas

the rate of 5 minute to 10 minute bundling is approximately 20%. If we hold o↵ the

background tra�c up to 30 minutes, we can save up to approximately 76% energy.

However, in this case, users need to accept delayed user experience. Depending

on the application types, 30 minute delay may be acceptable since we only hold

o↵ background tra�c. We leave this issue to the actual users. For the long

conversation queue flush probability (i.e., Pr
long

), 0.25 Pr
long

gains approximately

10% more energy saving compared with when all the long conversation packets

are transmitted along with the short conversation packets (i.e., Pr
long

= 1).

4.1.4.3 Impact of Location Prediction

We also evaluate the impact of Wi-Fi o✏oading based on the location prediction.

Figure 4.12 presents the normalized energy consumption over Wi-Fi availability

other than home and workplace. For the base case, we assume that Wi-Fi is

only available at home and workplace. For other base case configurations, 10KB

wellness data is transmitted at every 5 minutes and bundled background tra�c
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Figure 4.11: Impact of Packet Bundling Interval

is also transmitted at 5 minute interval. Location prediction is not used for the

base case, thus 3G is used until the phone is connected to Wi-Fi.

The energy saving rate varies depending on individual’s mobility characteris-

tics. For example, if a person has more regularity in the mobility pattern, the

prediction of Wi-Fi availability for this person is more successful. Since the mo-

bility traces used in this experiment show that people spend most of their time at

home and workplaces where we assume that Wi-Fi is always available, the impact

of location prediction does not seem remarkable. However, the result shows that

we can gain additional 10% of energy saving. Note that the location prediction

based energy saving is additional gain. As explained in Section 4.1.3, location

information is essential for not only the wellness application but also many other

applications, thus we utilize the location information for additional energy sav-

ing. We do not collect location information for the purpose of Wi-Fi availability

prediction only.
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Figure 4.12: Impact of Location Prediction

4.1.5 Related Work

This section briefly reviews previous works on human mobility prediction and

energy saving methods for cellular networks.

Mobility prediction Extensive research has been done on mobility models to

predict individual mobility. The basic concept is to compare a current pattern

with historical data and to extract similar patterns for predicting the next lo-

cation. The key feature is how to generate the residence-time distribution from

historical data. Most studies used Markov-based models [59,94,95]. Lee and Hou

used a semi-Markov process with first-order Markov predictor to build a steady-

state distribution and a transition-probability matrix from wireless network traces

collected across a campus. They analyzed correlation between time and location,

and validated the e�ciency of temporal prediction for network bandwidth provi-

sioning. Song et al. evaluated the performance of various mobility predictors with

time-aided and fallback mechanisms, using campus-wide wireless network traces.

They reported that simple Markov predictors performed better than complex pre-
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dictors for location prediction in practice, and that accurate temporal prediction

with high-granularity requires more sophisticated and expensive mobility data

than the association history of wireless network users.

NextPlace [90] used nonlinear time series analysis of arrival time to predict

temporal behavior. Compared to Markov predictor, NextPlace uses a location-

independent predictor and the continuous similarity of time series vectors. Jy-

otish [105] used type-of-day to filter redundant information from historical data.

Instead of predicting temporal behavior at current location, Jyotish chose the most

visited location at a specific day and time bucket based on presence probability.

Energy saving in cellular networks The concept of Delay Tolerant Appli-

cations (DTA) is introduced via the intuition that to reduce energy consumption

some applications can defer their transmissions based on users demands. TailEn-

der [15] uses an online scheduling algorithm with user specified deadlines leading

to tra�c aggregation and bursty transmissions while reducing the number of state

transitions and energy. Kononen et al. [55] propose the alignment of timers of dif-

ferent applications in order to perform synchronized bursty transmissions. The

proposal of Calder et al. [20] schedules data transmissions of applications with

di↵erent transmission intervals in multiples of the shortest interval. TailTheft [63]

schedules bursty data transfers of DTA in a similar way to TailEnder and uses

the Fast Dormancy (FD) of the 3GPP Release 8 standard, which allows the UE

to signal the RNC in order to release the connection and go to Idle or Standby

earlier.

Some techniques consider the benefit of sending less data or stripping the

redundant data. The viability of data compression for wireless communication in

mobile devices is studied by Wang et al. [106] concluding that it can provide up

to 50% of energy savings by reducing the amount of data transmitted. Stratus

combines compression with bursty communication during good signal strength
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periods. Armstrong et al. [12] propose an infrastructure to support dynamic

content updates by only updating the interesting part within Web pages selected

based on the client interest reducing the transmission data.

4.1.6 Conclusion

This study investigates energy saving methods in mobile wellness applications

in which a smartphone is used as a gateway device. One of the problems of a

smartphone as a gateway device is that the phone is also used for other appli-

cations. Background processing and background wireless data exchange by other

applications are the hidden factors that consume battery. We propose a energy

saving scheme on a mobile device that actively reschedules the background tra�c

from all the applications other than dedicated wellness application. In particular,

we exploit mainly two information: 1) Wi-Fi availability prediction information

based on the users’ daily mobility pattern and 2) background tra�c profiles that

is built based on the end-to-end connection statistics. We evaluate our scheme

using a simulation tool that takes two real traces (i.e., real background tra�c via

3G networks and real human mobility traces collected for 3 months). Simulation

results show that the proposed technique reduces the energy consumption caused

by background tra�c by at least 55%, and additional 10% energy consumption

can be saved by Wi-Fi availability prediction.

4.2 FreeLoc: Calibration-Free Crowdsourced Indoor Lo-

calization

4.2.1 Introduction

An explosive growth of mobile devices, such as smartphones and tablet comput-

ers, is accelerating a demand for more accurate location information. This is
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imperative for successful realization of mobile Location Based Service (LBS) ap-

plications [75, 76, 107]. Unlike outdoor regions where location of a mobile node is

determined accurately by Global Positioning System (GPS), indoor localization

still continues to a challenge. A number of techniques [39, 44, 64, 117] have been

proposed in the last decade for robust indoor positioning.

Early work on indoor positioning typically explored specially-designed beacon-

ing hardware installed on walls or ceilings [41, 83, 108]. Systems using infrared or

ultrasound promise fine-grained localization accuracy, however, it is di�cult to

be deployed on a large scale due to the high deployment cost. As IEEE 802.11

(Wi-Fi) is becoming ubiquitous, research on leveraging Wi-Fi Access Points (APs)

is receiving much attention. An approach that estimates the location based on

the comparison between observed Received Signal Strength (RSS) values and the

“Fingerprint” data in a pre-built radio map which has been obtained through the

“Training Phase”, has the advantage of avoiding the cost of specialized infrastruc-

ture deployment.

The training phase can be classified into two categories depending on the main

agent who collects the fingerprint data. The basic “Expert Surveyor” model is

first studied [14, 93]. This model provides a robust and precise radio map, but

it is costly because all the required jobs, ranging from the initial map building

tasks to sporadic maintenance tasks, must be done by trained experts. Due to

the cost increasing with the size of the surveying site, researchers recently have

started developing systems that normal users can participate in during the training

phase [18, 35, 58, 60, 81, 97]. This crowdsourcing based model can significantly

reduce the map-building and maintenance cost, but it also introduces a new set

of challenges.

This study particularly investigates three major technical issues posed in a

crowdsourced indoor localization system. First issue is that there are no dedicated

surveyors. Unlike expert surveyors who can a↵ord long-enough measurement time
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for building the fingerprint database, surveyors in a crowdsourced system are all

volunteers who should not be forced to sacrifice their time and their device’s

resources. The radio map should provide robust and accurate fingerprint data

even though it is built based on short-duration RSS measurements. Secondly,

there is no constraint on type and number of devices. Users carry heterogeneous

devices, resulting in a radio map built with RSS values from diverse devices. Since

devices may have di↵erent chipsets and antenna designs, the RSS measurement

data di↵ers across di↵erent devices even when they are placed at exactly the

same positions. Therefore, a technique that tolerates device diversity is necessary.

Finally, it may also be a problem that there are no designated fingerprint collection

points. Since the radio map is updated by untrained voluntary users without

centralized controls, di↵erent users can upload their own fingerprint data that is

collected at slightly di↵erent locations but has the same location label. Multiple

fingerprint data indicating one particular location not only causes slow location

estimation but also storage space wastage in a radio map server.

This study makes the following contributions taking the three issues into ac-

count:

• We analyze the characteristics of RSS that is measured for less than one

minute. Based on the observations, we present a method that extracts a

reliable single fingerprint value per AP from the short-duration RSS mea-

surements.

• We propose “FreeLoc”, a novel indoor localization method that requires no

calibration among heterogeneous devices.

• We also show that the proposed method resolves the multiple surveyor prob-

lem without any calibrations.

• We evaluate the performance of our localization technique in various sce-

narios through real-world experiments using multiple mobile phones.
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4.2.2 System Overview and Challenges

Radio Map 
Database

User B

User A
User C

User D

101 102

Fingerprint data with 
‘101’ location label

Fingerprint data with 
‘102’ location label

Estimated 
Location ‘101’

Measured 
RSS data

Figure 4.13: System Overview

In this section, we briefly describe a high-level usage scenario of our target sys-

tem that consists of two main entities: The “Contributor” or “Surveyor” records

and upload the fingerprint data at a particular location along with the location

label. The “User” queries the radio map server for inquiring about its current lo-

cation. In traditional systems based on Wi-Fi signal fingerprints, contributors and

users are typically distinct. In other words, the role of contributors is limited to

only a survey. The surveyors, usually trained personnel, collect AP information at

each location using specially-designed homogeneous scanners in order to minimize

the observational errors. This one-surveyor-multiple-user model is convenient to

build an initial radio map in a small area since it requires no calibration for each

scanned fingerprint. However, it is not suitable for a large area and it is not easy

to update the map frequently.

Instead of the one-surveyor-multiple-user model, we adopt a multiple-surveyor-

multiple-user model for our localization system in which anyone can be a contrib-

utor, a users, or both. This participatory model has the advantages of fast radio

map building and its quick update. Figure 4.13 depicts the overview of our sys-
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tem. The four users (i.e., A, B, C, and D) are untrained normal people who are

carrying di↵erent mobile phones. In this example scenario, user A and B play

the roles of surveyors for Location 101, and upload the measured AP information.

The uploaded data is processed on a remote server and converted to fingerprint

data for the Location 101. When user C inquires the current location informa-

tion, the server returns Location 101 if user C ’s RSS measurement matches one

from the user A and B. This crowdsourcing approach has been adopted in many

recent researches [18,35,58,60,81,97]. However, none of them addresses the three

associated technical issues posed in the following subsections.

The “Training Phase” in which the surveying-users collect RSS data and build

the fingerprint map database is as important as the “Online Localization Phase”

because the location estimation is solely based on the radio map information.

However, most previous studies seem to overlook it. They rather focus on the on-

line phase, and aim to reduce the localization error in a statistical or probabilistic

manner. However, there is a limit to improve accuracy by calibrating only one

side. It is obvious that the localization accuracy can improve when the finger-

print data of measured RSS values resemble the trained radio map. The distinct

contribution of this study is to propose an integrated solution covering issues that

cause inaccurate radio map construction.

4.2.2.1 RSS Measurement for Short Duration

It is well known that multi-path fading in an indoor environment causes RSS

to fluctuate over time even if the receiver is absolutely fixed [80]. One simple

method to reduce RSS variance is to record the RSS data for a long time. As the

number of RSS samples increases it is easier to identify one single fingerprint value

which ensures construction of a more robust and accurate radio map. However,

it is almost impossible to have normal users collect RSS data for a long time in a

crowdsourced system. We believe that the RSS survey time at each location should
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not exceed one minute assuming all the surveyors are normal mobile phone users.

Therefore, a technique that extracts accurate fingerprint values from short-time

measurement is necessary.

4.2.2.2 Device Diversity

In the participatory system we propose, diverse devices inevitably get involved in

building the radio map database. Since there are no expert surveyors who use

specially-designed hardware, it is highly likely that the RSS data gathered from

each user varies even though it is collected at the exact same position. Di↵erent

Wi-Fi chipsets and antenna designs among devices cause varied RSS recordings

per device and make it di�cult to calibrate them. This device heterogeneity is

the key problem for crowdsourced localization. This study addresses the problem

and proposes an e�cient solution.

4.2.2.3 Multiple Measurements for One Location

Another problem of the crowdsourced system is that more than one surveyor

can upload one’s own fingerprint data which has the same location label, but

is obtained at di↵erent measurement points. This happens because most of the

surveyors are untrained normal users and there are no designated RSS recording

points. In Figure 4.13, both user A and B provide fingerprint data for Location

101. However, the position at which they record the RSS data is di↵erent even

though both of them are in the same room. This results in multiple fingerprint

data sets for one location. Having more than one fingerprint for a particular loca-

tion is not e�cient for the radio map building phase and the location estimation

phase. More storage space would be required and more time would be taken to

estimate the current location. This, combined with the device diversity problem,

is also a principal cause of localization accuracy degradation. However, none of
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the previous studies take this into account. Our novel method proposed in this

study solves this multiple measurement points issue without any calibrations.

4.2.3 Fingerprint Value Extraction

We conducted preliminary experiments using di↵erent mobile phones in order to

investigate the characteristics of Wi-Fi signal reception from arbitrary APs. This

empirical data is used to develop our practical and resilient methods for both

radio map building and localization phases. This section presents how we extract

each fingerprint value at a particular location from RSS observations and the

experimental results with their implications to localization accuracy.

4.2.3.1 AP Response Rate

While we analyzed results from the preliminary experiments, we found that some

APs were not recorded in some fractions of the entire Wi-Fi scanning duration.

The response rate is di↵erent for di↵erent APs, which implies that it can be used

as independent information for the fingerprint data. Ledlie et. al. used this

response rate as fingerprint information in combination with RSS in [58] because

they found the the correlation between the rate and RSS is rather weak. However,

we believe that the correlation is strong enough to conclude that the response rate

is redundant information in our method. Our preliminary results show that APs

with RSS values of greater than -70dBm provide over 90% of response rate and

APs with RSS between -70dBm and -85dBm provide over 50% of response rate.

Only APs with RSS of less than -90dBm present very poor response rate. Since

our localization method naturally gives lower weights to weak RSS values, we

discount the AP response rate for fingerprint information.
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4.2.3.2 RSS Variance over Time

Received signal strength varies over time due to multipath fading and the level

of fluctuation gets higher in an indoor environment. This instability degrades the

localization accuracy. To overcome this problem, previous work measures RSS

for long duration (i.e., more than one hour to a month) and uses the average

values [92]. However, this is not appropriate in our system model. Some studies

that have adopted the crowdsourced model use probabilistic methods to obtain

fingerprint values from a small amount of measurement data [40, 58, 97]. The

probabilistic method based on the Gaussian distribution works well in an ideal

environment. However, it frequently gives quite a big inaccuracy because of the

inherent instability of real world.

Figure 4.14 illustrates two examples where the probabilistic method provides

inaccurate fingerprint values. The top figures are histograms of RSS for one-hour

measurements. The middle and the bottom figures are for one-minute measure-

ments. For the one-minute data, each measurement was conducted at intervals

of 30 minutes. RSS was recorded at the fastest interval for all the cases in order

to get as many RSS values as possible in a limited measurement time (0.5- 1Hz

depending on the devices). Figure 4.14(a) shows that the histograms are strongly

left-skewed which makes it di�cult to model and fit to normal distributions. The

left-skewed distribution of RSS is a common phenomenon observed in real life

where people move around [50]. Due to the complexity of the radio propagation,

Ladd et. al. [56] suggested to use only the mean value. Using mean values for the

fingerprint works well in the case of Figure 4.14(a). The mean is -47.5dBm for

one-hour measurements and -48.5dBm and -46.7dBm for each one-minute mea-

surement. The variation between long and short measurement times is within

1dBm and this may be acceptable. However our experiments show that the mean

value is not the best method for representing a fingerprint value. Figure 4.14(b)

presents a counter example showing that the mean value does not work well. The
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mean values are -76.6, -79.2, and -79.5dBm, respectively for the long and short

measurement times. The RSS variation is almost 3dBm which possibly degrades

the localization accuracy.
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Figure 4.14: Examples of RSS Variance

4.2.3.3 Extraction Method

Neither the normal distribution model nor the mean value provide accurate RSS

fingerprint information in crowdsourcing based localization systems. We tried to

figure out the best indicator of RSS fingerprint and we found one unique char-

acteristic while we analyzed the recorded RSS data sets. We observed that the

most-recorded RSS in the case of the short-duration measurements is very close to

the most-recorded RSS in the long-duration measurement case. In Figure 4.14, for

example, the highest frequencies of RSS are found within the small range marked

with dotted-lines for all the cases. This implies that the exact same RSS finger-

print value can be obtained regardless of the duration of measurement time if the

RSS values between the range are averaged.
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Based on our observation, we came up with a simple yet e↵ective method

that extracts a single fingerprint value for a particular AP with high tolerance to

the RSS variation over short-duration measurements. Equation (4.1) depicts our

method.

fpV alue =
P

w

LT

n=1

(RSS

peak

�n)+RSS

peak

+

P
w

RT

m=1

(RSS

peak

+m)
w

LT

+w

RT

+1

(4.1)

where fpV alue is the fingerprint value for an AP and RSS
peak

is the RSS value

of highest frequency during the measurement. The width of the range being

averaged is set by w
LT

and w
RT

. The RSS distribution tends to be left-skewed

as discovered in [50, 56]. This implies that more meaningful RSS values for the

fingerprint are located at the right side of the distribution (i.e., stronger RSS value

is more important). Therefore, we select a stronger RSS value as the fpV alue if

more than one RSS value has the same frequency in a histogram.

The proposed method extracts fingerprint RSS values by ignoring RSS records

that are far away from the most-frequent RSS values and giving the maximum

weight to the ones that have their peak value in a RSS histogram. fpV alue will

always be the same if the most-recorded RSS values fall into the range set by w
LT

and w
RT

for every measurement. However, in reality, it is di�cult to adjust those

two width values to output the same fpV alue. This is because the peak point

moves slightly either to the left or to the right at each measurement depending

on the environmental factors involved during the measurement. The di↵erence

between the extracted value from the short-time case and the long-time case was

up to 3dBm, resulting in no advantage over the mean method. This problem that

occurs in practice led us to modify the algorithm to the one given below:
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fpV alue =
P

w

n=1

(RSS

peak

�n)+RSS

peak

+

P
w

n=1

(RSS

peak

+n)
2w+1

(4.2)
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Figure 4.15: Impact of w on the fingerprint value extraction

In (4.2), instead of adjusting w
LT

and w
RT

independently, we use one width

value w and set it to large enough number. By maximizing the w value, we can

minimize the di↵erences of fpV alue obtained at each measurement. Figure 4.15

presents Euclidean distances between the fpV alue from the one-hour measure-

ment and the fpV alue from the one-minute measurement with respect to the w

value in a logarithmic scale. The results were based on average values from 50

measurements, and more than 10 APs were recorded for each measurement.

4.2.4 Localization Algorithm

This section introduces our localization scheme in detail taking into account the

issues pointed out in Section 4.2.2.
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(a) User and AP locations

User A 
AP fpValue 

AP1 -50 
AP2 -55 
AP3 -67 
AP4 -72 
AP5 -88 
AP6 -90 

User B 
AP fpValue 

AP4 -52 
AP1 -65 
AP2 -68 
AP3 -74 
AP6 -87 
AP5 -91 

User C 
AP fpValue 

AP2 -51 
AP3 -53 
AP1 -65 
AP4 -66 
AP5 -82 
AP6 -85 

User D 
AP fpValue 

AP6 -54 
AP5 -58 
AP3 -67 
AP4 -75 
AP2 -80 
AP1 -92 

(b) RSS measurements for each

user (ordered by strength)

User A 
KEY VALUE 
AP1* {AP3,AP4, AP5, AP6} 
AP2* {AP3,AP4, AP5, AP6} 
AP3 {AP5, AP6} 
AP4 {AP5, AP6} 
AP5 {} 
AP6 {} 

User B 
KEY VALUE 
AP4* {AP1,AP2, AP3,AP5, AP6} 
AP1* {AP5, AP6} 
AP2 {AP5, AP6} 
AP3 {AP5, AP6} 
AP6 {} 
AP5 {} 

User C 
KEY VALUE 
AP2* {AP1,AP4, AP5, AP6} 
AP3* {AP1,AP4, AP5, AP6} 
AP1 {AP5, AP6} 
AP4 {AP5, AP6} 
AP5 {} 
AP6 {} 

User D 
KEY VALUE 
AP6* {AP1,AP2, AP3, AP4} 
AP5* {AP1,AP2, AP4} 
AP3 {AP1, AP2} 
AP4 {AP1} 
AP2 {AP1} 
AP1 {} 

(c) Fingerprint data for each user (� is 10dBm)

Figure 4.16: Example of Localization Algorithm

4.2.4.1 Relative RSS Comparison

Today’s widely and densely deployed Wi-Fi APs enable our new indoor localiza-

tion technique. Previous fingerprint-based localization techniques build the radio

map and also estimate the positions using absolute RSS values. They may work

well in systems in which users carry homogeneous devices and use fingerprint data

sets from trained surveyors. However, they are ine↵ective when they are applied

to a crowdsourced system. Instead of trying to modify existing techniques to make

them work in a heterogeneous device environment, we devise a novel technique

designed for our target indoor usage scenarios. Thanks to the proliferation of
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Wi-Fi technology, the number of visible APs anywhere inside buildings usually

exceeds 10. Some buildings such as university buildings have private APs as well

as densely-designed enterprise wireless networks, providing even more than 30 vis-

ible APs. In addition to the number of APs, we can also take advantage of the

wide distribution of RSS values. RSS values usually range from very strong one

(e.g., -40dBm) to very weak one (e.g., -100dBm).

Such a large number of visible APs and wide RSS distribution in an indoor

environment enables us to use the relationship information between RSS values

for the fingerprint data at a particular location. Figure 4.16 illustrates an example

of our localization algorithm. Let us start with the basic scenario, in which one

user uploads fingerprint data for one particular location and other users request

their positions. Suppose there are four users in Location 101 and 102 in which

six APs are visible to all the users as shown in Figure 4.16(a). In this example,

user A and D are the surveyors and user B and C want to know their positions.

First, user A and D measure RSS values for about one minute and upload

fingerprint values with location labels (i.e., location 101 and 102 ) to a radio map

server. The fingerprint value for each AP is presented in Figure 4.16(b). Then

the server creates radio map data for location 101 and 102 based on the strength

relationship among the fingerprint values.

The radio map database consists of the following data sets:

fp
l

x

={l
x

, (KEY
0

, V ALUE
0

�

, KEY
1

, V ALUE
1

�

, ...

, KEY
n

, V ALUE
n

�

)}

where V ALUE
i

�

is a vector containing BSSIDs of which RSS is � weaker than

KEY
i

. The delta (�) is the core parameter, enabling our method to work well

with heterogeneous devices with no calibration e↵orts. The proposed Key-Value

mechanism and the � value allow the fingerprint data to be meaningful in itself,

not jut a set of RSS values.
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fp
l

x

represents the fingerprint data that is taken at location l
x

. l
x

contains the

information of the location x (e.g., room number), KEY
i

is the BSSID that has

the ith strongest fpV alue. Figure 4.16(c) presents the fingerprint data created

based on each user’s fingerprint values and the � value. Now the fingerprint data

from the User A and D is stored in the radio map.

When user B and C request their positions, their observed fingerprint values

are sent to the server, and then the data is compared with the radio map. The

detailed localization algorithm using the fingerprint data is presented in Algo-

rithm 1.

Based on our localization algorithm, the fingerprint data from user B scores 8

for location 101 and 1 for 102. For the user C, the scores are 9 and 2 for location

101 and 102, respectively. Therefore we conclude that both user B and C are in

the location 101.

Since the location estimation time is proportional to the number of fingerprint

data to be compared, it is necessary to select optimal number of possible finger-

print data samples in the database in order to achieve fast result retrieval (line

4 in Algorithm 1). To this end, we utilize a “Importance Flag”, an one-bit flag

given to the KEY in fingerprint data. The flag is set if the KEY ranks high.

When the localization server receives a location request, it selects fingerprint data

that has at least one flagged KEY that matches the flagged KEY in the request

data. For example, in the same abovementioned scenario, the flagged KEYs are

{AP1 and AP2} for the location 101 and {AP6 and AP5} for the location 102

if we set the criterion for the flag as the top two. The flagged KEYs are marked

with asterisk in Figure 4.16(c). When user B and C request their positions, at

least one flagged KEY in their fingerprint data is found in the fingerprint data of

the location 101 (i.e., AP1 for user B and AP2 for user C ) while no matching

flagged KEY is found in the fingerprint data of location 102. Therefore, only

location 101 is considered for the possible location in this example. The reason
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Algorithm 1 Estimate the location
Input: fingerprint data fp

unknown

Output: estimated location l

1: score 0, score

MAX

 0

2: value

MAP

 {}

3:

4: for each possible fp

l

x

in the radio map do

5: for each KEY

unknown

in fp

unknown

do

6: if KEY

unknown

is found in fp

l

x

then

7: value

MAP

 V ALUE vector where its KEY = KEY

unknown

8: for each BSSID in KEY

unknown

do

9: if BSSID is found in value

MAP

then

10: score score + 1

11: end if

12: end for

13: end if

14: end for

15: if score > score

MAX

then

16: score

MAX

 score

17: l l

x

18: end if

19: end for

20: return l

we are bothered about high rank of KEYs is because adjacent locations have high

probability of seeing the same APs that have strong RSS values. If no matches

are found, we regard the position where the measurement is taken as an unlabeled

location.
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Motorola 
Bionic 

AP RSS 
A -61 
B -63 
C -64 
D -73 
E -75 
F -76 
G -76 
H -76 
I -79 
J -82 
K -83 
L -84 
M -87 
N -87 
O -87 
P -88 
Q -90 
R -90 
S -90 
T -90 
U -91 
V -91 
W -92 

(a) finger-

print

Samsung  
Galaxy II 

AP RSS 
C -63 
A -64 
B -68 
D -70 
E -72 
F -72 
H -72 
J -75 
L -79 
I -80 
K -81 
G -83 

Galaxy1 -85 
R -85 
T -86 

Galaxy2 -86 
Galaxy3 -87 

P -87 
Galaxy4 -87 
Galaxy5 -88 

U -88 
W -89 

Galaxy6 -90 

(b) Device 1

HTC  
NexusOne 

AP RSS 
A -66 
C -67 
B -68 
D -70 
E -72 
F -72 
H -72 
K -74 
G -79 
L -80 
N -84 
R -86 
J -86 

One1 -87 
P -87 
I -87 

One2 -88 
One3 -88 
One4 -88 

U -88 
T -88 

One5 -88 
One6 -89 

(c) Device 2

Samsung 
NexusS 

AP RSS 
A -61 
B -63 
C -64 
H -73 
F -75 
E -76 
D -76 
K -76 
G -79 
I -82 
L -83 
J -84 
R -87 
P -87 
U -87 
T -88 

Nexus1 -90 
Q -90 

Nexus2 -90 
Nexus3 -90 
Nexus4 -91 
Nexus5 -91 
Nexus6 -92 

(d) Device 3

Figure 4.17: Example of Device Heterogeneity

4.2.4.2 Heterogeneous Devices

Our radio map building and localization methods also work well in the case in

which heterogeneous devices are involved because we do not use absolute RSS val-

ues but utilize only the relative relationship information among RSS values. The

di↵erent Wi-Fi chipsets and antenna designs by devices cause di↵erent RSS for

the same measurement location. Previous studies like [40] suggest to use a linear

transformation to calibrate the RSS variation across di↵erent devices. However,

as discovered in [35] we also find that the linear transformation method is not suf-

ficient for an accurate localization system that adopts cross-device participation,

and our method provides more robustness and accuracy.

Figure 4.17 is an example that shows how our method provides consistent

localization performance, regardless of device heterogeneity and without any cal-

ibrations, while linear transformation do not. Suppose that RSS values in Fig-

ure 4.17(a) are used to create fingerprint data for a particular location in which

three di↵erent users are requesting their current locations using three di↵erent

devices. The RSS values measured by each user’s device are presented in Fig-

ure 4.17(b) (c) (d). For the sake of simplicity, all the recorded BSSIDs are replaced
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with single letters and the ones with weak RSS values are excluded. Device name

with numbers indicate BSSIDs that are visible to the device but not found in the

fingerprint data.

None of the three devices shows the same AP list order as compared to the one

used for the fingerprint data. Not only list of out-of-order APs but also di↵erent

APs that are visible to a particular device, hinder application of linear transfor-

mation. Uniform application of the transformation to devices may significantly

degrade the localization accuracy. In contrast, our method has tolerance towards

the discrepancies in RSS values and visible AP lists among the heterogeneous

devices. The � value relieves the degradation of localization accuracy caused by

inconsistent sequence of few adjacent APs among the heterogeneous devices. Since

the proposed method focuses on the overall relationship between RSS from APs

rather than individual RSS values, it is immune to the device diversity.

4.2.4.3 Multiple Surveyors

Location 101 (User A+B) 
KEY VALUE 
AP1 {AP3,AP4, AP5, AP6} 
AP2 {AP3,AP4, AP5, AP6} 
AP3 {AP5, AP6} 
AP4 {AP1,AP2,AP3,AP5, AP6} 
AP5 {} 
AP6 {} 

Figure 4.18: New Fingerprint Data for Location 101

In addition to the device diversity, another unique problem of crowdsourced

localization systems is that more than one user can upload their own fingerprint

data with the same location labels. This results in more than one fingerprint data

for one location in a radio map in previous systems, which leads to slow location
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estimation due to the increase in the number of data sets to be compared. Unlike

the previous techniques, we maintain only one fingerprint data for one location.

Unlike any other localization methods, our fingerprint data building mechanism

supports this unique feature with no calibrations. Updation of fingerprint map

for new data is possible because we utilize the information on the overall RSS

relationship among APs. The merging procedure for multiple fingerprint data is

extremely straightforward and simple. The proposed Key-Value fingerprint data

structure and the � value increase the similarity among multiple fingerprint data

although they are measured at slightly di↵erent locations with di↵erent devices,

which allows us to simply merge the Value vectors for the same Key value. For

example, the new fingerprint data will be Figure 4.18 if user A and B upload their

RSS measurements with the same location label, location 101 in Figure 4.16. This

merging scheme can be also applied to the case when users upload their fingerprint

data with di↵erent devices at the same measurement positions.

4.2.5 Evaluation

This section presents the methodologies, results, and analyses of our experiments.

4.2.5.1 Experimental Setup

The Wi-Fi fingerprint data was collected at approximately 70 di↵erent locations

at one of the engineering buildings in our university. Every fingerprint comprises

of the following information: timestamp, BSSID (MAC address of the AP), and

received signal strength indicator. The fingerprints were collected using four di↵er-

ent devices (Motorola Bionic, HTC Nexus One, Samsung GalaxyS and GalaxyS2).

For evaluations, we selected two sites which had di↵erent environments. The first

experiment site was our laboratory that has many small rooms which contain

di↵erent types of furniture (Figure 4.19(a)). Another experiment site was the
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(a) Our Laboratory (b) 3rd Floor of Our Building

Figure 4.19: Floorplans

corridor of third floor of the building, the width of whose corridor is approxi-

mately 2.5m, and some APs are visible with line-of-sight (Figure 4.19(b)). Small

dots in Figure 4.19 indicate the locations where RSS measurements were taken.

The data collected at these points was used for the experiments in Section 4.2.5.2

and 4.2.5.3. The adjacent points are approximately 6m and 1.5m apart for the

corridor and the laboratory cases, respectively. Di↵erent sets of reading were taken

at di↵erent times of the day, and over multiple days, keeping the simulations as

close to real-world scenarios as possible.

4.2.5.2 Pairwise Device Evaluation

In the first evaluation, the Wi-Fi fingerprinting data for each location was collected

from one phone and the data from all other three phones were compared against

it for di↵erent � values. There were two goals of this experiment. The first was

to find out whether the proposed method of building fingerprint and using it for

indoor localization works well with heterogeneous devices. The second goal was

to find out the optimal � value, to be used for subsequent experiments. The �

values were varied from 1 to 15. By repeating the same experiment for all the

devices and all the � values, we found the optimal empirical � value. The results
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Figure 4.20: Pairwise Evaluation (Laboratory)

for all the four devices are shown in Figure 4.20 for the laboratory (which had

lots of objects, walls, furniture etc) and in Figure 4.21 for the third floor (which

had relatively less objects hindering the signal paths).

We ran the evaluation for data collected over three days. This data was taken

at all the locations as shown on the maps at di↵erent times. For a majority of

cases, we were able to accurately locate the position of a user using our algorithm.

For the cases where the predicted location of the user was di↵erent from the real

location, we calculated the error distances. The error in location detection was

lesser in the case of third floor of the building as compared to the laboratory.

The reason for this observation of degraded accuracy in case of the laboratory

is because the lab structure is more complicated, and the walls in the floor plan

are made of thin plywood material, not thick concrete. This hinders each room

from having a unique fingerprint. We believe that more unique fingerprints will
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Figure 4.21: Pairwise Evaluation (3rd Floor)

be formed in buildings with thick concrete walls.

As can be seen from Figure 4.21, the optimal � value is around 9dBm for

the third floor case. If we define the error when we form fingerprints from one

device and use another device for indoor location detection as cross device error,

then it has been observed that cross-device error does not exceed 2m for hallway

and 4m for laboratory case. This justifies that our method provides consistent

performance among heterogeneous devices. We believe that error will decrease

considerably as the homogeneity of devices increase in the crowdsourced system.

As can be seen from Figure 4.20, the optimal delta value is around 12dBm for the

laboratory. Considering overall performance of the whole system, using 12dBm

for the � value is better than using the value 9dBm. We have made 12dBm as

optimal threshold for the rest of the evaluations.
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Figure 4.22: Impact of Device Heterogeneity (Laboratory)

4.2.5.3 Impact of Device Heterogeneity

In the second evaluation, the Wi-Fi fingerprinting data for each location was

taken from multiple devices and data from all other mobile phone devices was

compared against it. Having established the fact that our algorithm works well

for calibration-free crowdsourced indoor localization, the aim for this evaluation

was to find out how device heterogeneity a↵ects the localization performance.

Hence for this evaluation, we varied the number of devices which participate in

the fingerprint map for each user device. The same device was never used for

both generating fingerprinting map and for localization. The results have been

plotted in Figure 4.22 and 4.23. First three bars are the cases when only one

device was used for the fingerprinting. The next three bars are the cases when the

fingerprint maps were generated from two di↵erent devices and these fingerprint
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Figure 4.23: Impact of Device Heterogeneity (3rd Floor)

maps were merged to form one fingerprint map. The last bar denotes the case when

fingerprint maps have been generated from three di↵erent devices and merged.

Dots in Figure 4.22 and 4.23 indicate average values of the same colored bars.

The accuracy did not degrade when more than one fingerprint data from dif-

ferent devices are merged. In most cases, the most robust fingerprint has been

formed when fingerprint maps from three di↵erent devices have been merged.

This re-a�rms our belief that our method will work well in crowdsourced en-

vironment. The reason for the above findings is that our fingerprint map gets

better as more fingerprint data is merged. If certain APs went unnoticed by one

device which could have contributed for missing information from the fingerprint

maps, then it is likely that other devices would have sensed these APs. There is

less probability that a particular AP will get unnoticed by three devices than by

one device. Hence, more information helps in forming more accurate, robust and
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reliable fingerprint map.

4.2.5.4 Impact of Multiple Surveyors

In the third evaluation, our aim was to evaluate how our algorithm worked for the

case of multiple surveyors. We constructed the fingerprint map for a particular

room using heterogeneous devices placed at di↵erent parts (levels) of the room.

Each level corresponded to a set of locations that were at a specified distance from

the center of the room. The user requesting for location information was assumed

to be standing at the center of the room. Every level had three devices, that

were di↵erent from the user’s device. We conducted these evaluations across the

five levels and across the eight rooms in our lab. The five levels span the entire

room (e.g., level 1 was the center of a room and level 5 was the edges of a room).

The results are presented in Figure 4.24. Dots indicate average values of the four

devices’ results.

As expected, the error in finding the user’s location increases as more users

at di↵erent locations contribute to the fingerprint map for a particular room.

However, our algorithm limits the error in accuracy to less than 3 meters. This

is commendable given the fact that as more fingerprinting data is collected at the

“edges” and “corners” of di↵erent rooms, it is more likely to predict the location

of the user as being the adjacent room.

4.2.6 Discussion

In this study, we proposed a novel calibration-free technique for a crowdsourced

indoor localization system, and evaluated its performance through laboratory-level

experiments. The results showed that our scheme provided robust and consistent

localization accuracy in various experimental scenarios. However, there are still

several challenging technical issues that need to be addressed in order to deploy
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Figure 4.24: Impact of Multiple Surveyors (Laboratory)

our system in a real large-scale environment. We briefly describe two of these

issues that we are currently working on.

Filtering erroneous fingerprint data is essential in crowdsourced systems. Since

the entire system is based on participation of untrained normal users, erroneous

uploads can happen frequently. Apart from malicious users who intentionally

upload fingerprint data with wrong location labels, even well-intentioned users

may contribute wrong fingerprint data due to a simple mistake in location labeling.

Currently, we consider an approach that utilizes the “importance flag” introduced

in Section 4.2.4.1. We anticipate that detection of erroneous fingerprint data is

possible by comparing properly-selected flagged APs in adjacent areas. We plan

to perform more experiments to find the proper flag criterion.

Another issue is how our system would update fingerprint data. Outdated

fingerprint data may significantly degrade the localization accuracy. Since Wi-Fi

APs can be easily added or removed, a technique that detects the change of APs

is imperative. To this end, we are investigating an approach that keeps track of

“hit rate” of APs in fingerprint data sets. If a particular AP is never used to

estimate locations for a certain amount of time, there is a high chance that this

AP has been removed. Similarly, if an AP that does not exist in the fingerprint

data is observed frequently, then that AP is probably installed recently. We may
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be able to automatically update fingerprint data if we make the best use of such

information.

4.2.7 Related Work

Many indoor localization techniques have been proposed over the past decade.

Amongst these, the techniques that use existing Wi-Fi infrastructure have at-

tracted special attention due to the ubiquity of wireless access points in indoor

environments. Our work builds upon the crowdsourcing based (also known as

“organic”) approaches, and deals with the problems posed by the device hetero-

geneity and multiple surveyors for a particular location.

Early indoor localization techniques required specialized hardware to deter-

mine the devices location. Systems like Active Badge [108] and Active Bat [41]

used methods based on tags which transmitted infrared and ultrasound pulses.

These were detected by fixed sensors placed in buildings. The Cricket and Cricket

Compass [83, 84] used a combination of RF and ultrasound technologies. Tech-

niques using active RFID were also proposed [78,113]. Later systems used existing

infrastructure in buildings and depended on radio frequency signal measurements.

RF signal intensity was first used in RADAR [14] for the purpose of indoor localiza-

tion. More recently many researchers have focused on techniques that use Wi-Fi

RSS data. Studies like [50] analyzed the properties of received signal strength

values reported by wireless network interface cards.

In general, the techniques for localization using signal strength values are ei-

ther based on triangulation methods [93] or are based on predicting the location

based on stored Wi-Fi fingerprints. Recent systems like [23, 88] use probabilistic

techniques to predict the location of a Wi-Fi device. In these systems, a “training”

phase is required in which the system uses a set of tagged data to build its internal

localization model. Various studies, like [40], have researched on the amount of
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training data required to su�ciently train the localization system. [40] presents

a system which is trained using signal strength measurements, which are of the

order of about a minute per location.

The Wi-Fi based systems that use signal strength fingerprints can be classified

into two categories. In the first category, the training data set is collected by expert

surveyors. In the second category, the training data set is contributed by users,

and is referred to as organic localization [35, 58, 81, 97]. Due to the complexity,

e↵ort and cost involved in expert surveyor based system, crowdsourced or organic

indoor localization techniques are being rigorously explored. The system proposed

in [18,60] was among the first to explore such an approach. The key idea here is to

use a participatory system through which users can contribute Wi-Fi fingerprints

at various locations. [60] carried out experiments in indoor environments and have

discussed encouraging results. Park et al in [97] have designed and deployed an

organic location system and achieved position accuracy that is comparable to

the accuracy achieved by a survey driven system. A recent crowdsourcing based

approach by Ledlie et. al. models the world as a tree of hierarchical namespaces,

and provides an algorithm that explicitly accounts for temporal variations in signal

space [58].

A main issue with crowdsourcing based localization systems is the usage of

diverse devices, usually a variety of mobile phones, to collect Wi-Fi fingerprints

during the training phase. This usually leads to variation in the values of observed

signal strength measurements due to the di↵erent chipsets present on di↵erent

devices. Park et. al. explore this issue in [35] and compare various methods used

to mitigate this problem. The main parameters that are used are signal strength

values and access point detection. The Kernel function based estimation, which

predicts user location using a naive Bayes classifier, has been found to obtain

results that are better than linear transformation based approaches [40]. Arvin

et. al. proposed an unsupervised learning method that automatically tries to
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solve hardware variance problem in wifi localization [103].

4.2.8 Conclusion

FreeLoc is a novel, calibration-free indoor localization scheme that uses existing

Wi-Fi infrastructure. The proposed radio map building and localization tech-

niques are based on the overall relationship among RSS by APs. Our techniques

provide robust localization accuracy in a crowdsourced environment in which de-

vice heterogeneity and multiple untrained surveyors mainly cause performance

degradation. The main contribution of our work is a novel approach to fingerprint

data management and a localization algorithm that are capable of handling di-

verse users and their devices without complicated calibrations or transformations.

Initial experiments using heterogeneous devices in two sites that have di↵erent

environments have confirmed that our novel scheme is reliable and feasible.

For future work, we plan to develop schemes covering the issues discussed in

this study. We will then expand the scale of our experiments to cover the entire

university and perform long-term usability testing.
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CHAPTER 5

Conclusion

Energy-awareness and improving energy-e�ciency is imperative in mobile wellness

applications. This thesis aims to explores energy awareness in mobile wellness

applications. We divide the wellness applications into three levels (i.e., application

level, sensor level, and gateway level) and present how energy consumption can

be reduced at each level.

Chapter 2 introduces two mobile wellness applications and their energy saving

techniques at each application level. One of the two main directions for energy

saving at an application level is to enable applications to adapt to runtime envi-

ronment or accuracy requirement. Although this approach causes compromised

level of accuracy degradation, it is acceptable as long as the application satisfies

pre-defined Quality of Service. In StrokeTrack, we apply Complementary filter

instead of Kalman filter to correct the kinetic information involving the inherent

integration drift of IMUs, and confirm that our approach consumes less energy

while providing acceptable accuracy for upper arm mobility tracking application.

Another approach at an application level is to develop interfaces for applications

to provide hints to other layers of software stack. In EyeGuardian, we use IMUs

to predict the eye position in the camera frame to reduce the size of image to be

processed. We reduce image processing time by properly selecting small region

out of full image, which leads to less energy consumption.

Chapter 3 explores data compression methods that can be applied at a sensor

level. We propose an e↵ective data compression technique, “Critical Markers”
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method, that is based on detection of peaks and valleys in the original physiolog-

ical signals. The critical markers corrects the distortions without compromising

the fidelity of the compressed output when it is used in conjunction with existing

transformation-based compression methods. The critical markers can also be used

standalone to replace existing compression methods in certain types of diagnosis,

thus reducing line and processor overhead. Experiments conducted on a smart-

phone platform using real ECG and PPG data sets confirm that the proposed

compression method provides clinically satisfactory signal reconstruction as well

as high compression ratio. For more aggressive energy saving at a sensor level,

we also investigate the applicability of Compressive Sensing technique to human

movement signals. We investigate the nature of various human body movements

and examine the performance of the CS framework in terms of the energy savings

in a real testbed.

Chapter 4 provides an energy saving technique at a gateway level. The method

actively reschedules the background tra�c that is initiated by multiple applica-

tions other than the dedicated wellness application. We exploit mainly two in-

formation: 1) Wi-Fi availability prediction information based on the users’ daily

mobility patterns and 2) background tra�c profiles that is built based on the

end-to-end connection statistics. Simulation results show that the proposed tech-

nique reduces the energy consumption caused by background tra�c by at least

55%, and additional 10% energy consumption can be saved by Wi-Fi availability

prediction. For a localization method that can provide location information to

the proposed gateway level technique, we also present FreeLoc, a calibration-free

indoor localization scheme that uses existing Wi-Fi infrastructure. The proposed

radio map building and localization techniques are based on the overall relation-

ship among RSS by APs. Our techniques provide robust localization accuracy in a

crowdsourced environment in which device heterogeneity and multiple untrained

surveyors mainly cause performance degradation.
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