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Mobile handheld devices have become friends in 

people’s daily lives. Frequent usage of available 

applications, especially video streaming, causes 

exponential growth in mobile IP traffic. Service 

providers and application developers need to 

know the tradeoff between the end-to-end (e2e) 

performance and cost since, not fully met ex-

pectations of customers from those applications 

cause reduced usage of services, revenue, and 

growth in the churn rate. The user-centric ap-

proach, which involves users into the assessment 

of the performance of a particular service or app-

lication, has become important within the inter-

disciplinary research field Quality of Experience 

(QoE). The ultimate goal is to obtain simplified 

QoE models on particular applications based 

on the underlying network-based performance 

metrics as well as other non-technical metrics 

related to the end-user. Android smartphones 

that use open-source code and well-documented 

Application Programming Interfaces (API), fa-

cilitate researchers to do low-level and network-

based performance analysis on end-user mobile 

devices while considering user feedback. 

In this thesis, the influential factors for An-

droid smartphone-based QoE are studied. The 

relation between the quantified user-perceived 

QoE metric, i.e., Mean Opinion Score (MOS), 

and the artifacts in real-time video streaming 

such as blockiness and jerkiness caused by net-

work-level metrics, e.g., Packet Delay Variation 

(PDV), Maximal Burst Size (MBS), and video 

bit rate are identified. Challenges in assessing 

the user-perceived QoE of video with the focus 

on memory effects are discussed. The relation 

between the objective metric of user reaction 

time and the user-perceived QoE is presented. 

Furthermore, different methods to assess end-

user-perceived QoE such as Day Reconstruction 

Method (DRM), Experience Sampling Method 

(ESM), and preliminary online survey are des-

cribed. Further influential factors, e.g., context, 

user routines, user lifestyle, and Quality of Ser-

vice (QoS) metrics such as Round Trip Time 

(RTT) and Server Response Time (SRT), are stu-

died. The thesis is concluded with preliminary 

findings that relate the instantaneous total power 

consumption to the jerkiness of a real-time video 

stream with evidences such as stalling events.
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“Every one well-done observation will be enough in many cases, just as one

well-made instrument often suffices for the establishment of a law.”

– Emile Durkheim





Abstract
Mobile handheld devices have become friends in people’s daily lives. Frequent us-

age of available applications, especially video streaming, causes exponential growth

in mobile IP traffic. Service providers and application developers need to know the

tradeoff between the end-to-end (e2e) performance and cost since, not fully met

expectations of customers from those applications cause reduced usage of services,

revenue, and growth in the churn rate. The user-centric approach, which involves

users into the assessment of the performance of a particular service or applica-

tion, has become important within the inter-disciplinary research field Quality of

Experience (QoE). The ultimate goal is to obtain simplified QoE models on par-

ticular applications based on the underlying network-based performance metrics

as well as other non-technical metrics related to the end-user. Android smart-

phones that use open-source code and well-documented Application Programming

Interfaces (API), facilitate researchers to do low-level and network-based perfor-

mance analysis on end-user mobile devices while considering user feedback.

In this thesis, the influential factors for Android smartphone-based QoE are

studied. The relation between the quantified user-perceived QoE metric, i.e.,

Mean Opinion Score (MOS), and the artifacts in real-time video streaming such

as blockiness and jerkiness caused by network-level metrics, e.g., Packet Delay

Variation (PDV), Maximal Burst Size (MBS), and video bit rate are identified.

Challenges in assessing the user-perceived QoE of video with the focus on memory

effects are discussed. The relation between the objective metric of user reaction

time and the user-perceived QoE is presented. Furthermore, different methods

to assess end-user-perceived QoE such as Day Reconstruction Method (DRM),

Experience Sampling Method (ESM), and preliminary online survey are described.

Further influential factors, e.g., context, user routines, user lifestyle, and Quality

of Service (QoS) metrics such as Round Trip Time (RTT) and Server Response

Time (SRT), are studied. The thesis is concluded with preliminary findings that

relate the instantaneous total power consumption to the jerkiness of a real-time

video stream with evidences such as stalling events.
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Chapter 1

Introduction

The greatest energy of movement will be ob-

tained when synchronism is maintained be-

tween the pump impulses and the natural os-

cillations of the system.

– Nikola Tesla

Bob woke up to a rainy Monday morning. He felt joyful, but a bit stressed. He

has grown up being a responsible person, and knew very well that he should not

miss the meeting at work. He grabbed his smartphone from the side desk in his

bedroom, and left the house.

Bob was used to drive to work, and started taking steps towards his garage until

when he realized that all the roads were totally blocked, and no cars were able to

move. He approached to the garage and started thinking what to do, desperately.

Then, he considered taking the train as a quick alternative. However, he was not

used to it, and wanted to know the time schedule and the details about the route

from home to work. He took his smartphone, unlocked the screen, and wanted to

Google the website for the train schedule. He was in a hurry, as time ticked, his

fingers started to shake. A few blobs of rain started to drop on the screen. The

screen got frozen for a few seconds, Bob kept pressing the buttons, started shaking

the phone, and by magic the phone became responsive, again. Things were going

slow. The buttons on the user interface of the browser were too small for his fin-

gers. After he finished typing and pressed the search button, the webpage loaded

within some seconds. However, he then realized that the web page was not designed

for viewing on a mobile phone. The text was extremely small, and he wasn’t able

1



CHAPTER 1. INTRODUCTION

to read or click on any of the provided links. He typed in the name of the website

to Google Play Store to seek for the website’s app, and luckily it was available.

He launched it within some minutes. The smartphone was not responding, and

the screen was frozen again. He retried many more times hoping that it would

work properly the next time. The phone screen became sluggish. He then began

walking to the train station, he was still growing hope to fetch what he needed. A

few seconds later, he lost the connection. He gave up; put the phone back inside

his pocket and kept walking at a faster pace.

He reached the train station. Some minutes later, after checking the final schedule

on the billboards, he realized that there were many options with the detailed corre-

sponding routes to the destination. It was going to be hard to remember those for

the next time. He took the phone off from his pocket, and wanted to take a snap-

shot of the timetable. Once he attempted to turn the application on, he saw the

battery low notification of the phone. The camera app turned itself off due to low

amount of remaining charge on the battery, without considering Bob’s preferences.

The application itself was “smart” enough to decide that it was not a good idea to

take a picture due to the lack of remaining battery.

He finally made it to the train, he felt already tired. The train was extremely

crowded. Knowing that his contract was flat rate, he wanted to watch the sum-

mary of the soccer match that he missed the previous night. He knew that the video

streaming would consume considerable amount of power, but then he assured that

his charger was with him. The train started moving. Knowing that his smartphone

was helpless within the last moments, nevertheless, his boredom didn’t stop him

from launching the YouTube app. He experienced occasional jerkiness throughout

the video stream, but he kept watching. When he remembered that the smartphone

was running out of battery, he changed his mind and decided to shift to a shorter

video that contains only the scored goals in the match. Suddenly, the train stopped

due to a technical reason, and it was announced that the arrival time would be

delayed. Eventually, he wanted to send a text message to his boss notifying his

situation. As he was typing, the app itself continuously failed to “autocorrect” the

text that were being typed...

dddddddddd

2



The preceding scenario presents a large degree of freedom in measuring the

user-perceived quality of a service to accomplish a given task. Bob’s ultimate goal

was to catch the meeting on time. He wasn’t able to use the apps when he needed.

He temporarily was able to watch the online match in the train due to his context,

although the quality wasn’t perfect. He decided to watch a shorter video due to

the limited battery. His behaviour has been influenced by the experiences.

On one side, there is the user experiencing his “precious” smartphone contin-

uously in daily life. He is on one hand trying to get connected and to achieve a

particular task within a particular context and time. On the other side, there is

the technical infrastructure and the whole network stack that fails to enable the

best available service to the user when necessary.

The applications that run on mobile devices, especially video streaming appli-

cations, accumulate significant amounts of data. It is challenging for operators

to manage operational costs, while keeping the end-user’s perceived quality high

enough. In order to minimize the churn rate, the need to improve the network

quality on the basis of user feedback is important. Thus, the shift from network-

centric approach to user-centric approach has become vital. Until now, operators

and service providers probed network and link layer metrics to identify the under-

lying reasons for low user perception levels as such described in the introductory

scenario. The success of video applications running via radio networks depends on

the video QoE perceived by the end-users [1]. There have been efforts to relate

the network level measurements to user-perceived voice quality [2–4]. However,

research on user-perceived video QoE modeling is still limited [1]. Along with tech-

nical measures, assessment of the quality of applications needs to be supported by

end-to-end (e2e) quality measurements by collecting feedback from the end-user

who actually experiences and perceives the quality.

The user-perceived QoE is a function of numerous attributes from various dis-

ciplines. Those are, but not limited to, demographics, e.g., age; gender; location;

mobility; historical background; the current opportunities (e.g., data plan between

the user and the operator); security and privacy issues. In addition, the underlying

network state during data delivery such as the delay and loss occurring amongst

the packets, the bitrate of the video clip, end-to-end burst characteristics of the

application are further attributes that influence end-user-perceived quality. The

user interface of the applications, remaining battery life of the device, and micro-

economical perspectives such as the choice of data plan based on usage can be

3



CHAPTER 1. INTRODUCTION

considered as supplementary attributes. Moreover, there are additional factors

that can just appear unexpectedly in real life scenarios such as the sudden stop of

Bob’s train, and prevent the end-user from achieving the ultimate goal. Ideally, all

those factors need to be identified and interpreted in one piece, while considering

the short and long-term goals as well as the satisfaction of the users.

In this thesis, user-perceived QoE of applications and services on an Android-

based smartphone is studied. A set of most influential network level measures for

perceived video quality in a smartphone is presented. The results regarding usage

patterns of other smartphone applications are introduced. Furthermore, the user

study methodologies and the corresponding challenges to assess end-user-perceived

quality are identified.

The remainder of this chapter is structured as follows. The state of the art

for QoE is given in Section 1.1. Section 1.2 discusses the challenges in assessing

the user-perceived QoE. The measurement tools that are developed and used to-

gether with the methodologies followed during the user studies are presented in

Section 1.3. This is followed by a short review of the European Union (EU) Spe-

cific Targeted Research Projects (STReP) PERIMETER project that inspired this

research, as depicted in Section 1.4. The research questions and the corresponding

contributions for this thesis are stated in Sections 1.5, and Section 1.6, respectively.

This section is concluded by the thesis outline in Section 1.7.

1.1 Quality of Experience (QoE) Concept and Def-

initions

Wireless technology is continuously evolving, and the development of new versions

of adaptive protocols and mechanisms is at its peak to enable high performance in

network-based applications and services [15, 17]. Varela et al. suggests real-time

estimation of QoE in order to give decisions to manage infrastructure and media

resources in the best way [5].

The user-perceived quality from the services and applications is of high im-

portance. QoE is an emerging term with the aim to understand and maximize

the user-perceived quality for a particular application or a service [14]. It has

evolved over the years from end-to-end QoS due to the fact that the QoS was

4



1.1. QUALITY OF EXPERIENCE (QOE) CONCEPT AND DEFINITIONS

not powerful enough to express the quality in a communication service [12]. ITU-

Telecommunication Standardization Sector (ITU-T) E.800 [19] defines QoS as “the

collective effect of service performance, which determines the degree of satisfac-

tion of a user of the service”. Probing and relying on individual technical measures

e.g., Key Performance Indicators (KPI), can quantify performance degradation in

the network level, however, it does not tell much about the user-perceived qual-

ity. Therefore, the user-centric QoE has overtaken the role of network-centric QoS

by increasing the importance of user-perceived quality instead of technical per-

formance of the overall service. QoE tries to achieve this by adding the human’s

hedonic and aesthetic needs to the evaluation of user perception. Despite, QoE is

still missing a solid, theoretical and practical framework [12].

In the evaluation of QoE, technical groups focus on network and service per-

formance based on QoS models, business people focus on the revenue, cost, and

customer churn rate based on economical models, and social scientists emphasize

QoE as happiness, and relate it to experiences [21]. The International Telecommu-

nication Union Telecommunication Standardization Sector (ITU-T) defines QoE

with the consideration of complete e2e effects as “The overall acceptability of an

application or service, as perceived subjectively by the end-user” [14]. In [16], QoE

is described as a “measure of user performance based on objective and subjective

psychological measures of using a service or product”. In the Qualinet white pa-

per [12], a successor QoE definition has been stated, “The degree of delight or

annoyance of the user of an application or a service. It results from the fulfillment

of his or her expectations with respect to the utility and / or enjoyment of the

application or service in the light of the user’s personality and current state”. In

QoE assessment, there are three essential corner stones identified as user, technol-

ogy, and business [13] that need to be brought together. According to Kilkki [21],

the quality ecosystem model for QoE consists of end users with diverse roles. He

has identified an ecosystem where the person is categorized as customer, user, or

a group member. A holistic framework is proposed that considers the network

efficiency, user acceptance and the technical perspectives as corners of the triangle

is shown in [22]. Khalil et al. [25] describes the QoE model in a communication

ecosystem that can adapt to many specific contexts and integrated cross-domains

such as technical aspects, business models, and human behaviour into one frame-

work. The ecosystem is defined as the systematic interaction of human, technology,

and business in particular context. The QoE definition includes all human subjec-

tive and objective quality needs and experiences arising from the interaction of a
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CHAPTER 1. INTRODUCTION

person with technology and with business entities.

The definition of influence factor is stated in [12] as “any characteristic of a

user, system, service, application, or context whose actual state or setting that may

have influence on the QoE of the user”. It can be grouped into Human Influence

Factor (IF), System IF, and Context IF. System IF is divided further into four

sub groups: Content-related System IF, Media-related System IF, Network-related

System IF, and Device-related system IF.

In Chapter 2, the Network-related IFs are investigated. In Chapter 3, the

Human-related IFs as well as the Content-related IFs and Network-related IFs are

studied. The focus is mainly on Human IF and Context IFs in Chapter 4. Factors

related to business and pricing is beyond the scope of this thesis.

The remainder of this subsection follows with the definition of MOS that is used

for quantification of user-perceived quality. Next the motivation behind perceived

video quality is discussed with the corresponding state of the art. This is followed

by the presentation of state of the art regarding the methods used in video quality

assessment. This subsection is concluded by the state of the art regarding the

impact of QoS on QoE.

1.1.1 Mean Opinion Score (MOS)

There are objective and subjective factors and corresponding evaluation methods

for QoE. As objective evaluation, special tools for monitoring brain waves [39,40],

heart rate [93], eye tracking [38], and skin conductivity [92] are often used. How-

ever they are known to be obtrusive in user studies that might influence the com-

fort of the users. User reaction time is used to measure memory and concentration

without being obtrusive. In Chapter 3, user reaction time is investigated as a

measure of objective evaluation.

In evaluation of subjective QoE factors, the user perceptions are represented

by numerical values. Table 1.1 depicts a single stimulus Absolute Category Rating

(ACR) method with five-grade quality scale, e.g., Mean Opinion Score (MOS).

The user-perceived QoE is translated into numbers ranging from 1 to 5. The

drawback of MOS is detailed in Section 1.2.3. Despite its drawbacks, MOS is used

in subjective assessment of the user-perceived QoE throughout the thesis.
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1.1. QUALITY OF EXPERIENCE (QOE) CONCEPT AND DEFINITIONS

Table 1.1: ITU-T scale of media quality impairment, also referred to as User

Rating (UR) [9].

Scale 5 4 3 2 1

Quality Excellent Good Fair Poor Bad

1.1.2 User-perceived Video QoE

Video streaming is one of the most popular applications that are used on smart-

phones, and it bears great potential to improve the end-user-perceived QoE. Ac-

cording to Cisco [8], mobile video traffic was 52 percent of the total traffic by the

end of 2011, and it is expected to increase 25-fold between 2011 and 2016.

In parallel, video is one of the most resource-demanding applications from

network and energy perspectives. It is network-demanding due to its high amount

of bandwidth requirements, and it is energy-demanding to its high CPU and power

consumption in the wireless radio modules. The models of communication [42]

apply to video and it consists of phases such as acquisition, processing, transcoding,

transmission, and display. The quality of the video when it is created is based on

the capabilities of the camera and its user. The choice of the video coding standard

might influence the quality. During the transmission, the state of the network link

and the available bandwidth might cause delay, and packet loss that might impact

the final user-perceived QoE. In addition, the post-processing of the transmitted

data such as frame rate conversions on the display devices can also influence the

video quality. The need for high amounts of data causes considerable bandwidth

requirements in the wireless medium as well as considerable amount of energy

demand in all parts of the network stack to receive, transmit, decode, and present

it on the phone screen.

There have been further influential factors identified for video QoE. The view-

ing distance, picture size, environment luminance, colour [18], brightness, back-

ground stability, mosaic-blocking effect, “dirty window”, content [11], sharpness,

viewer’s motion, and viewer’s sensitivity for motion are listed as other factors that

influence the user-perceived quality of video [26,27].

One of the most important disturbances that influence the end-user perceived
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CHAPTER 1. INTRODUCTION

quality in video streaming is jerkiness, and it manifests itself in the form of freezes

in pictures, also known as stalling events. Previous research shows that the users

are highly dissatisfied with two or more stalling events per video clip with 30 s

length [32, 34]. More precisely, experience of two 1 s stalling event within 30 s

decreased the user-perceived quality below 3 on the five-grade MOS scale. On the

other hand, the occurrence of only one 3 s stalling event has decreased MOS down

to 3. Therefore, the frequency and the durations of stalling events play a big role

on the user-perceived quality of video.

The jerkiness in a video stream may occur due to a problem in the network

or service provider, or on the application itself, i.e., in principle along the whole

delivery path [32]. One reason for such jerkiness could be the packet loss and

its accumulated influence on the prediction of consecutive frames due to coding

distortion [29]. Another cause could be the long packet delays caused by the on-off

behaviour [87] within the whole video delivery mechanism [45], e.g., the mobile

operator, the streaming server [30].

1.1.3 Methods for Video Quality Assessment and Test plans

There have been detailed approaches implemented for assessing the user-perceived

video quality for IPTV and mobile video streaming applications. International

Telecommunication Union (ITU) has classified objective quality measurement meth-

ods into five main categories [27]:

1. Media-layer models: Rely on the speech or video signal to predict QoE.

They are further categorized into Full-Reference (FR), Reduced-Reference

(RR), and No-Reference (NR) based on availability of the original source to

make further comparisons between quality levels. FR metrics are suitable for

measuring offline video quality, however NR and RR metrics are used for in-

service video, e.g., online monitoring, prediction and control of video [1,28].

2. Parametric packet-layer models: Compute QoE based on the packet-

header information, i.e., no content is taken into account, thus it has a less

computational load.

3. Parametric planning models: Use the quality planning parameters for

networks and terminals, and work based on the knowledge about the test
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system.

4. Bitstream layer models: Use the encoded payload bitstream data and

packet header information. It does not decode to analyze the characteristics

of speech content, but it estimates the characteristics of the missing data via

the bit-stream information in the preceding and the succeeding packets.

5. Hybrid models: Are made of combinations of the above models.

Video Quality Expert Group (VQEG) [35] is an organization that brings to-

gether the experts from industry, academia, government organizations, ITU, and

Standard-Developing Organizations (SDO) with the goal to advance the field of

video quality of television and multimedia applications. VQEG not only performs

subjective video quality experiments, but also validates the objective video quality

models and develops new techniques. Eventually, detailed test plans for evaluating

QoE in a subjective way are provided by this organization.

Motion Based Video Integrity (MOVIE) [36] evaluates dynamic video fidelity

and integrates combination of spatial and temporal aspects of distortion assess-

ment. Moving Picture Quality Metric (MPQM) [37] calculates the subjective

quality metric based on the inputs, namely the original video sequence and its

distorted version. Peak Signal-to-Noise Ratio (PSNR) [44] is a similar measure

to probe the noise level of a compressed image based on the original image, how-

ever it is a measure to evaluate the spatial quality of a video. It also disregards

the viewing conditions and the characteristics of human visual perception [1, 27].

Visual Information Fidelity (VIF) [89] is a measure for assessing video quality,

however it requires stochastic models for the source, distortion and the Human

Visual System (HVS). Structural Similarity Index Model (SSIM) index [47] is

a method for measuring the similarity of the image quality while taking the ini-

tial distortion-free image as reference. V-factor is another video quality rating

score based on the content format and processing types such as compression type,

Group of Pictures (GOP), and quantizer levels. Perceived Evaluation of Video

Quality (PEVQ) [71], a full reference algorithm, provides MOS scores of the video

quality for fixed and mobile video and considers the degraded video signal output

from the network, as well as the lip-sync delay. However, in [33], PEVQ is found

to overestimate user perception in case of artifacts such as freeze-and-jump.

ITU-Radio communication (ITU-R) [49] and ITU-T [68] have defined various

standards with regards to viewing conditions, criteria for selection of observers, test
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equipment, procedures to follow during and after the data collection for subjective

quality assessment. Double Stimulus Continuous Quality Scale (DSCQS) is a

test that involves screening degraded and original versions of short video clips

that are shown to the user in random order. The users are asked to rate the

quality of the video based on a five-grade quality scale which is later normalized

into a 1(Bad)−100(Excellent) scale. The difference in the assessment values are

calculated, and then averaged on all subjects to obtain the DSCQS value. This

method is used when not all samples for each quality are available to show to the

user. The participants are notified about the order of the reference and degraded

versions of video sequences. The video sequences are shown only once to the

participants. Single Stimulus Continuous Quality Evaluation (SSCQE) is another

test recommended for long duration, i.e., 20 − 30 minutes long, video sequences

with processed quality. The video clips used in this method do not need to be

standard. The participants rate the user-perceived video quality continuously on

an ACR scale. It is a single stimulus method, where the user is asked to rate

the video quality based on the processed video sequence on a slider, i.e. score

recording device, with predefined conditions such as the record-sampling period

and the position of the slider.

More methods exist for video QoE assessment in addition to the above sug-

gested ones for inside-lab measurements. They bear different tradeoffs. Crowd-

sourcing is one approach [81] that moves the testing effort from the controlled lab

environment into Internet [65]. The user feedback and the ratings are collected

while the users experience a given task by using their own computers or mobile

handheld devices that are connected to the Internet, by user defined location and

time. In return, the users earn money by completing small tasks and providing

corresponding feedback based on their perceived QoE. Thus, it is not necessary

to allocate extra time and lab room for participants. Within this approach, reach-

ing large number of users with various demographics in small time is possible.

Therefore, the crowd-based video quality assessment approach is promising due

its benefits from time consumption perspectives. However, the challenges still

remain due to non-standard test equipment, lack of controlled experiments, and

reliability issues. In other words, the users might want to finish the task as fast

as possible without concentrating on the given task much in order to earn more

money, which results in cheating. The diversity in crowdsourcing platforms and

users are stated in [50], e.g., the offered jobs, completion time of the tasks, working

times of the users, and the user profiles.
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1.1.4 The Impact of QoS in QoE Evaluation

There have been automated approaches to assess QoE. Some models explain

QoE as a cumulative sum of few weighted influential factors; while others try to

identify the most influential factor via keeping the remaining factors unchanged.

Some factors can be correlated within each other while some are the causes of

each other. For instance, the E-Model [10] is used for prediction of voice quality

as perceived by a typical phone user. The output of E-model is a scalar quality

value, Transmission Rating Factor (R), and it is calculated as cumulative sum of

impairment factors as presented in Eq. 1.1.

R = R0 − Is − Id − Ie,eff +A (1.1)

R0 is the signal-to-noise ratio. Is represents all impairments that occur simultane-

ously with voice signal, e.g., too loud speech level, or quantization noise. Id stands

for the sum of all impairments due to delay and echo effects. Ie,eff is the effective

equipment impairment factor. A is known as the “advantage of access” factor that

compensates the other impairments based on the user’s tolerance. The R value is

then translated into five speech transmission quality categories as “Best”, “High”,

“Medium”, “Low”, or “Poor” with lower R value limits 90, 80, 70, 60, and 50,

respectively.

PESQ [62] is an accurate perceptual quality measurement to characterize end-

to-end voice quality perceived by the user. It is a full-reference algorithm, i.e.,

it compares the quality with the original signal. One other quality assessment

method is Pseudo-Subjective Quality Assessment (PSQA) [54] that allows an ac-

curate quantitative evaluation of the user-perceived quality of packet-based au-

dio/video communication. It can be applied to QoS parameters such as delay,

jitter, packet loss, bitrate, and it is able to predict QoE automatically in real time.

According to human perception, if the QoE is already low, improvement in QoS

is not perceived in a significant way [74]. Weber-Fechner introduced the formula

based on “just-noticable difference” in Eq. 1.2 that links the human perception to

the relative change in stimulus. dP is the differential perception and is proportional

to the relative change dS
S of a physical stimulus, S.

dP = k
dS

S
(1.2)

The so-called IQX hypothesis model [23, 67], is used to describe QoE as an
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exponential function of single QoS impairment factor. IQX relates the impact

of absolute stimulus change to the current perception level. In other words, the

change of QoE caused by a change in QoS, e.g., packet loss, depends on the actual

current level of QoE, i.e., somehow reflecting the actual level of expectation. The

resulting equation becomes as depicted in Eq. 1.3. Note that as QoS → +∞, QoE

→ γ.

∂QoE

∂QoS
= −β(QoE − γ) (1.3)

which has the solution,

QoE = α · exp{−β ·QoS}+ γ (1.4)

It is hard to rely only on network-based quality degradation parameters, as

they are not always directly perceivable by the end-user. Network-based qual-

ity metrics e.g., QoS, may influence the user-perceived QoE of different type of

applications differently. For example, while the influence of a small amount of

extra delay in real-time applications is not tolerable, while this is not a big issue

in mail clients or browsing. The time perception is complex, and the tolerance

to those interruptions or stimuli of each individual depends on various factors,

e.g., context [66], previous experiences, expectations, and many others. In [64],

it is stated that the interpreted duration is insufficient, if the duration perceived

is longer than the tolerance threshold. Although the values may vary depending

on each individual user, in average, 100 ms is the limit for the user to feel that

the system is reacting instantaneously [64]; 1 s is the limit for the user to feel the

delay but still feels uninterrupted; and 10 s is the limit where the user’s attention

is not lost on the dialogue. The influence of the magnitude of the stimuli and the

corresponding stimuli change is also stated in the literature [63].

In this work, exponential models have been found in the form of Eq. 1.4 as a

result of user studies conducted through video streaming applications on a smart-

phone. Those will be presented in Chapters 2 and 3. But before that, it is

important to discuss the challenges in assessing QoE models in user studies.
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1.2 Challenges in Smartphone-based QoE Assess-

ment

There are debates that discuss the challenges of user studies [31]. Obtaining a

unique QoE model that is valid for all users/customers, applications, and con-

text throughout experiments that are conducted in user’s natural environments is

challenging [91]. This subsection starts with the phrases that are received from

participants. Next, based on the experiences obtained so far, the challenges with

respect to the experiment method are discussed. This subsection is concluded with

the explanation of the challenge of using the five-grade MOS scale.

1.2.1 Phrases from Participants

Some phrases that are received from participants while running those user studies

are listed as follows:

• “On this smartphone, the fingerprints remaining on the screen affect my

perceived quality of the video for the next sequences”, Phrase A.

• “Unfortunately, I don’t get 4th Generation (4G) in (A). And when I’m in

(B), the 4G connection keeps switching on and off, and the notifications are

just annoying. So I keep 4G switched off.”, Phrase B.

• “Skyping service is incredibly spotty!”, Phrase C.

• “I almost had a car accident while using GPS!”(Eventually the user has

quitted the study.), Phrase D.

• “In India, I would say this quality is good. Here in Sweden, I rather wouldn’t

watch this!”, Phrase E.

• “I rate immediately when I see the freeze!”, Phrase F.

• “I saw blurry images, but freezes were more annoying.”, Phrase G.

• “I have seen the same video, but I don’t remember what I rated previously,

so my ratings might be different.”, Phrase H.

• “Shall I sacrifice from screen size or battery life?”, Phrase I.
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• “I know that real-time video doesn’t work well and is expensive. Therefore,

I don’t use it when I’m mobile.”, Phrase J.

• “My phone can operate on a 4G network, but I usually keep it set to 3rd

Generation (3G) because in my experience, the 4G is not considerably faster

and just eats up my battery... Generally I keep 4G turned off unless I am

doing something network intensive and I know it is available.”, Phrase K.

• “I will go to a party this evening. I want to remove the QoE monitoring

software from my phone, but how?”, Phrase L.

The above itemized phrases gathered from the users, explain the challenges in

assessing the end-user perceived quality. Based on the user studies so far, the

potential challenges in experiment method are identified. The quantification of

user feedback needs to be investigated further.

1.2.2 Experimental Method

Filling in the gap between the network-level QoS and the user perception is dif-

ficult, and needs extra effort. The variation in the consumption environment is

dramatic. It is difficult to predict the actual reason for low QoE. In other words,

assessing QoE on the smartphone can be more challenging than assessing it on the

fixed terminals due to its higher degree of freedom that is caused by its flexibility

in mobility and context [46].

Conducting user studies is time consuming due to its long lasting data collec-

tion process. This includes re-scheduling of user appointments, technical faults in

the software, loss of data, and training sessions, e.g., teaching participants about

the study. It is also expensive from the economical perspective, e.g., standard-

ized equipment costs; and hiring qualified participants with different backgrounds.

Collecting comprehensive information about the participants through online sur-

veys before running the study is necessary. Similarly, the design of the experiment

testbed, and the choice of methodology to follow during the experiments are im-

portant [46]. This can be done through strict evaluation conditions, e.g., viewing

conditions, room illumination, test duration, participant selection. On the other

hand, monitoring QoE in user’s natural environments with strict rules on the

mobile phone is challenging. The user study should be managed in a minimally

obtrusive way, i.e. the method followed should not influence the user perception
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itself [46]. Users might feel uncomfortable in some situations where they request

to turn off the phone during the study for privacy reasons at some points in time.

The participants should not feel themselves under pressure [46]. Asking for rat-

ings frequently, can make users bored and stressed, which may cause unreliable

feedback. If the QoE monitoring is implemented through time-based triggering,

then it is suggested to support it by event-based questionnaire triggering. In other

words, the monitoring application needs to be aware that the user has not com-

pleted using the application and not to pop-up the user rating menu before the

user is ready to rate the quality. The software should also be implemented while

thinking of the trade-off between energy utilization, CPU utilization, and storage

limitation. For instance, storing the user data directly on user’s mobile terminals

is an advantage and it decreases the chance of losing data. In case of periodic

transfer of data from user devices over the Internet to the dedicated servers, it

might result in loss of data due to poor connectivity and/or high energy consump-

tion during the upload period via 3G. On the other hand, it allocates vast amount

of memory on the end-user mobile terminal. If some data needs to be uploaded

to a server via Internet for robust data collection, that procedure should not put

extra overhead to the throughput and the processor of the end-user terminal.

Based on the challenges faced during the studies, for long user studies, one other

suggestion could be to introduce an initial two weeks of study for participants to

get used to the QoE monitoring software [46]. This would also give researcher

extra time to test and stabilize the software. Adaptation of the software to the

mobile usage patterns per user might be necessary. Metrics should be chosen to

represent higher correlations between QoS and QoE. In order to conduct accurate

measurements, network-level QoS metrics such as one-way delay, packet loss, are

suggested to be done from within the Operating System kernel [41]. For this

purpose, the users who are willing to root their phones can be selected.

Participants in a user study need to be informed regarding the aim of the

user study [46]. They should be aware that the collected information should be

kept private, anonymous, and only used for research purposes. Finding users is

a challenge itself due to privacy issues. This is also related to the geographical

location of the study, e.g., users at some part of the globe may want to keep privacy

at the maximum level, whole those in other parts do not care much. The users

need to be selected randomly, and the collected data needs to be representative.

The unreliable ratings need to be carefully identified and should be filtered out
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from the data. On the other hand, the unreliable users’ rating patterns should

also be investigated, turned into benefit by using them to train anomaly detection

algorithms.

1.2.3 Mean Opinion Score (MOS)

Divergence in manifestation of reactions with respect to identical stimuli exists.

Disparity in user ratings, due to varying retrospective data, is a key challenge to

consider in QoE studies. Thus, in a user study, to know how to assess the users’

reaction is hard, and can depend on each individual due to the dissimilarities of

reactions with respect to identical stimuli. Some people can react violently,i.e.,

punishing the quality with grade 1 on the MOS scale, while others are more patient

and tolerant.

The attributes and the type of data to be collected should be well defined prior

to the experiments. The target variable, e.g., MOS, to be predicted should relate

to the collected influential attributes. There are challenges, while assessing the

user-perceived quality based on MOS, and the challenges with respect to the end-

user perception of the quality levels such as “OK”, “Poor”, “Fair”, and “Good” are

pointed out in [57, 59, 61]. In [60], the authors argue that the ITU recommended

methods for subjective quality assessment of speech and video are not appropriate

for new services and applications. R. Schatz [75] likens MOS and its current

application to a hammer and a nail, and pinpoints the danger of applying the

MOS to every application. He emphasizes that MOS is valid only for particular

experiment setting and one needs to be very careful while applying MOS [66].

In fact, the authors of [55], have introduced a new term, Standard deviation of

Opinion Scores (SOS) to have a better understanding on the fluctuations of users’

perceived quality. Furthermore, due to the high variation in opinion scores, the

subjective ratings are valuable if they pinpoint the low qualities in particular.

Therefore, it is important to investigate those worst-case scenarios, e.g., scenarios

with long freezes that can be statistically described as outliers and extreme values

of the opinion score dataset. Despite the drawbacks of the MOS scale, it has been

applied to the user studies on this thesis, as it is commonly used.

Classification of users based on their reactions, i.e., rating patterns, helps to

identify users that have extreme opinions regarding the perceived quality and to

identify the unreliable ratings. The user classification based on the received ratings
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has been studied in Chapter 3.

As being presented the state of the art, a brief description on the measurement

tools that are used and the methodologies that are followed during the user studies

within this thesis are presented next.

1.3 Introduction of the Smartphone-based QoE

Measurement Tools and Methods

The QoE focusing on, but not limited to, video streaming applications on smart-

phones have been studied in this thesis.

The work involves both objective and subjective measurements conducted via

Android smartphone. There are various available tools and many standards are

developed to assess the perceived quality of a particular service in particular con-

texts. However, standardized and universally accepted measurement tools for QoE

assessment on mobile handheld devices are not yet widely available.

The ideal QoE model should be efficient, lightweight and suitable for all types

of content [1]. Thus, it can be easily implemented on the receiver side to monitor

and control e2e quality. Various QoE assessment tools have been designed, imple-

mented, and used during the user studies in this thesis. Android framework has

been selected as the measurement platform during the study in this thesis due to

its open source characteristics as well as its dominating market share. The growth

of Android’s market share over the years is given in Table 1.2 [78].

Table 1.2: Marketshare and shipments for Android smartphone.

2008 2009 2010 2011 2012 Year-To-Date

Shipments(×106) 0.7 7.0 71.1 243.4 333.6

Market Share(%) 0.5 4.0 23.3 49.2 68.2

The work in this thesis involves both objective and subjective measurements. In

all of the tools that have been used, the dominating 1-to-5 MOS scale is used for

subjective quality assessment. The detailed explanations of the measurements are
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presented at the corresponding papers in chapters 2-5.

During the first study [30], a Measurement Assessment Tool (MAT) was im-

plemented and used. This enabled to collect continuous user ratings during 15

minutes long video sessions. The user interface of the MAT is composed of a

main layout with two vertically oriented layouts, the former contains the video

pane, and the latter contains the horizontally oriented 5 buttons for monitoring

MOS. MAT also contains the User Datagram Protocol (UDP) module loaded in

the kernel level to piggyback the transmitted packets, and probe the network level

metrics from within the UDP tunnel. The users were asked to give ratings at their

own will, while the video streaming session continues. MAT provided to match the

user ratings collected at the application layer, to the QoS metrics collected with

the help of the kernel module. The reason behind using a kernel module was to

obtain more accurate measurements and also to facilitate the measurements from

within a tunneling solution. The module is later used to enable a vertical han-

dover mechanism for the PERIMETER project. More details about that project

is presented in Section 1.4.

In the next study [84], an automatized video sequence player application was

implemented and used. The application played out short video clips with a dura-

tion of 8 to 10 seconds, and the users were asked to give an overall rating within

the MOS scale. The tool was presenting an empty gray screen to the user after

each rating was received. The content, the video bit rate, and the corresponding

MOS ratings was recorded into the internal storage of the smartphone.

In another study [85], a research methodology, which involved online survey,

Experience Sampling Method (ESM), and Day Reconstruction Method (DRM)

[24], was followed. ESM is used to assess phenomena at the time they occur in order

to maximize the validity of data while avoiding recall [48]. ESM was implemented

as a QoE-based background service in Context Aware Software (CSS) software.

CSS software was able to collect measures both from the user, application, and

the network level. It is basically implemented as a background service running on

a smartphone. It is installed on 30 users’ Android smartphones, and they were

asked to rate the perceived quality of applications that are being used based on

the MOS scale. The data collected were limited to the available functionalities

within the Android API. Data consists of the applications being used; location;

degree of mobility; context; radio interface signal strengths; RTT; SRT; Global

Positioning System (GPS) coordinates; accelerometer; battery status; and screen
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status.

In the last study [86], the video player application, e.g., MAT, was used in

addition to the instantaneous total power measurement tool, in order to visualise

and observe the instantaneous power consumption behaviour of the smartphone

during the runtime of a real-time video streaming application. The users were

asked to focus and pinpoint the stalling events. The user interface provided on

the MAT enabled the user to identify the stalling periods and the data was used

to analyze the relation between a stalling event and the instantaneous total power

consumption values.

1.4 PERIMETER Project

The study within this thesis has originated from PERIMETER [70], a EU-FP7

funded STReP project [82]. STReP projects typically last 2-3 years that are com-

posed of minimum 3 different countries with an average budget of approximately

2 million Euros. PERIMETER’s objective is to establish a user-centric paradigm

for future network architectures. It enables seamless mobility in heterogeneous

networks while considering the user-perceived quality. PERIMETER framework

makes decisions to handover to another network to maximize end-user-perceived

QoE.

The QoE Delivery Subsystem was implemented in Blekinge Institute of Techno-

logy (BTH), the partner of PERIMETER project. It consists of Measurement

Subsystem and Vertical Handover Subsystem. The early stage of the work in

BTH involved implementation of the measurement subsystem that collects QoS

measures via network interfaces. Link layer measurements, e.g., probing of sig-

nal strength and detecting of wireless access points, are conducted via available

Android API. The network level measurements, e.g., packet delay variation, and

packet loss rate, are conducted through an UDP tunnel which is implemented in

the operating system kernel. The measurement Subsystem is also responsible to

pass the probed metrics both to QoE Management System and to the Storage

layers of the PERIMETER framework as depicted in Fig. 1.1. Based on the deci-

sion given, the Vertical Handover Subsystem does the vertical handover between

the available access networks without disturbing the ongoing connectivity. The

seamless handover was based on the “make-before-break” principle. It is namely
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Figure 1.1: Detailed structure of QoE Delivery System [79].

configuring a new connection path before the previous connected path is teared

down. This enables uninterrupted and seamless connectivity during a netwok-

based application session. Since the commercially available Android-based smart-

phones supported only one active SIM card and Wireless Fidelity (WiFi) module

at a time, the seamless handover functionality was implemented to switch between

WiFi and 3G [80].

In Chapter 2, the QoE models obtained from the analyses are presented. These

models were later used in framework’s decision-making algorithms in the PERIME-

TER project.
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1.5 Research Questions

The research questions addressed throughout this thesis are listed as follows:

1. What is the most indicative QoS metric in the network level that can be

used as a QoE indicator for video application?

2. What is the influence of the human memory effect on the QoE rating?

3. What are the most influential QoE metrics in smartphone-based applica-

tions?

4. What are Android Operating System (OS) smartphone users’ application

usage patterns?

5. How is the instantaneous total power consumption value related to misbe-

haviours in the network level as well as QoE?

Several user studies were conducted while collecting both QoS and QoE data, and

the answers to those aforementioned questions were presented.

1.6 Contributions

The work presented in this thesis consists of investigation of influential factors

on user’s QoE of applications that run on Android OS smartphone with focus on

video. The main contributions presented in this thesis are as follows:

1. The first contribution involves studying the effects of network level measures

on the perceptual quality of live video streaming on smartphone, and pro-

viding QoE models related to packet delay variation. The on-off behaviour

of the 3G network has been studied within this work. The focus was on the

temporal aspects of distortion such as jerkiness of the real-time video play-

out due to high burst sizes, i.e., long zero-throughput periods [79] followed

by high number of back-to-back packets. The packet bursts were identified

as either large-varying-sized packets or small-fixed-sized packets. The reason

for the freezes were observed to be due to the former group of packets fol-

lowed by long zero-throughput periods according to the preliminary analysis.
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Thus, the maximal burst size of the 3G network traffic has been investigated.

The packet delay variation and the maximal burst size were correlated with

the MOS ratings received throughout an Android smartphone-based user

study. The maximal burst size metric, another definition of packet delay

variation found in the literature, was suggested as an indicator for the high

delays in the network level while streaming video via 3G. Next, the benefit

of Exponentially Weighted Moving Average (EWMA) on human perception

statistics is presented. It has been observed that the users react immediately

to degradations in the video quality, e.g., rating for MOS value of 1 just af-

ter experiencing a freeze. On the other hand, the users keep silence while

experiencing acceptable levels of video quality. The corresponding findings

are presented in Chapter 2.

2. It is aimed to investigate non-technical factors, i.e., the factors not related

specifically to the technical parameters in the network stack, that influence

the instantaneous ratings. The memory effect, i.e., the effect of previous

user-perceived quality on the recent perceived quality, has been studied. This

has been done by presenting consecutive short duration videos to the users

on the smartphone, and then showed how the instantaneous user-perceived

quality changes with respect to identical video clips shown after different

previous experiences. Based on the latter, recency and memory effect have

been discussed within this study. The other findings within this part involve

the disparity of users within a study, and the variability of an objective

metric, the user-perceived response time, with respect to the various visual

stimuli. The corresponding findings are presetned in Chapter 3.

3. Controlled user studies were conducted by focusing on video streaming ap-

plication in Chapter 2 and Chapter 3. The next goal was to understand

the influence of network-level metrics on the end-user-perceived quality for

video streaming and popular applications throughout user studies conducted

in users’ natural environments. These “in-the-wild” experiments enabled to

reach a wider range of applications, smartphones, and context. The perfor-

mance metrics were aimed to be collected per application on users’ individ-

ual smartphones. This data consists of MOS values received per application

and context; usage patterns; and all available sensor data via the Android

APIs. A further contribution involves presentation of the methods for a

smartphone-based user study. The completed work within this scope is pre-
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sented in Chapter 4.

4. Based on the results obtained in Chapter 4, it was found out that battery

life and power consumption of the smartphone were highly important for the

end-user-perceived quality on a smartphone. Therefore, in the next study,

the instantaneous power consumption of video streaming application was

analyzed. The final work to be presented in this thesis involves presenting

a demonstrator that exhibits real-time network metrics, total instantaneous

power consumption, and user feedback with the focus on jerkiness of a video

stream. The main goal was to analyze the power consumption characteris-

tics of real-time video streaming application via different network interfaces,

e.g., WiFi, or 3G. Based on the observations, it was found that the power

consumption metric likely extracts a misbehaviour, e.g., stalling event, that

occurs during the steady-state play-out of a real-time video streaming appli-

cation. An enhancement of this framework can enable energy-efficient and

non-obtrusive QoE monitoring tools. Chapter 5 details this discussion on

the findings.

1.7 Thesis Outline

The summaries of the papers presented in this thesis are included in this section.

Papers I-IV are presented in Chapters 2-5, respectively.

Paper I - The Effects of Packet Delay Variation on

the Perceptual Quality of Video

Discussion on the packet delay variation, referred as the variation of the packet

delays measured at the receiving terminal, is given. The influence of this metric

to the users perceived quality during live video streaming on the smartphone has

been investigated. This paper has been published in proceedings of the IEEE 35th

Conference on Local Computer Networks (LCN), 2010.
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Paper II - Studying the Challenges in Assessing the

Perceived Quality of Mobile-phone based Video

Next, the influence of video bitrate of a video clip on the user-perceived QoE of

video is investigated, with the focus on the memory effect. The latter is known to

be an important infuential factor to be considered while assessing QoE. Investi-

gations of the human forget factor and recency effect is done. The experimental

method to find out how a user-perceived QoE on the same video clip might change

during an experiment, is given. This paper has been published in proceedings of the

Fourth International Workshop on Quality of Multimedia Experience (QoMEX),

2012.

Paper III - Factors Influencing Quality of Experi-

ence of Commonly used Mobile Applications

Investigation the overall perceptions of smartphone users with respect to the used

applications in their daily life are presented. The experiments are conducted

through a QoE Android user study. This journal article has been published in

IEEE Communications Magazine, April 2012.

Paper IV - Demonstrating the Stalling Events with

Instantaneous Total Power Consumption in Smart-

phone based Live Video Streaming

The jerkiness, i.e., the freezes, which occur during the video stream, is studied with

the corresponding instantaneous total power consumption metric. In this study,

the former goal is to be able to locate the freezes during a video play-out from the

energy consumption metrics that is already available by default in smartphones;

and the latter goal is to study the tradeoff between energy savings and the freezes.

This paper has been published in Second IFIP Conference on Sustainable Internet

and ICT for Sustainability, 2012.
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Chapter 2

Paper I

Design thinking is about creating a multipolar

experience in which everyone has the oppor-

tunity to participate in the conversation.

– Tim Brown
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2.1. INTRODUCTION

Abstract: The satisfaction of end-users is important when evaluating ser-

vices and products. Visualizing the network behaviour in mobile streaming as

well as modeling the correlation between Quality of Service (QoS) and Quality

of Experience (QoE) is expected to improve user satisfaction of services on the

Internet. Given that network and human factors are the elements that affect

the final output of the measurements, it is important to take the Packet Delay

Variation (PDV) into consideration. In this paper we observe the PDV during

a series of real-life experiments on a 3G network while streaming videos. User

Rating (UR) values from user input are recorded accordingly. With this aim,

we implemented a QoE assessment tool that measures network metrics in kernel

space, while simultaneously logging user ratings with regards to the perception of

an ongoing real-time video on an Android phone.

The primary goal is to identify a clear trend in the QoE modeling, so that we

can assess the satisfaction of a user by deriving the QoE from measurable QoS

metrics. We find that PDV degrades user perception. Observations show that,

during the experiments, sudden breaks and restarts in the packet flow exist. Even

though the use of Exponentially Weighted Moving Average (EWMA) assists in

finding a model that shows the relationship between PDV and UR, on-off flushing

is a major threat affecting this relationship. The results show that correlations

with different quality can be reached with various modifications of the proposed

matching model.

2.1 Introduction

Maximizing the happiness of customers is the goal of all service and product

providers, in order to obtain more customers and to reduce the customer churn

rate. The customer is not likely to be interested in knowing QoS metrics such as

PDV, wireless signal strength or packet loss, but rather in the quality of the ser-

vice provided. Measuring the satisfaction of a customer is therefore essential, yet

difficult to do. Customer feedback then plays an important role. Ideally, providers

need a set of measures that can predict the satisfaction of their customers without

the need of feedback. QoE models can satisfy this need. However, they are limited

to specific cases and can be hard to obtain.
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In this paper we present and analyze QoE traces for streaming video over the

Internet through a wireless link. From these traces we try to derive a QoE model

by statistical inference. The QoE model maps measurable QoS metrics onto the

satisfaction of an individual. The models are meant to be used by decision making

engines for network selection [10], monitoring applications, etc. In particular,

these models are to be created for the decision making engine in PERIMETER,

a STReP project granted by EU FP7. We present a QoS analysis of the PDV of

a streaming video connection conducted in real-time. PDV is defined in [5] as the

difference in one-way delay between packets, while ignoring any lost packets.

PERIMETER’s main objective is to establish a new paradigm for user cen-

tricity in advanced networking architectures [19]. PERIMETER aims to provide

mobility that is transparent to the user (seamless mobility) in heterogeneous net-

works and tackles the problem from a user-centric perspective. Therefore seamless

mobility can be controlled by actual user needs in addition to business considera-

tions. The presented measurement module supplies the PERIMETER framework

with QoS statistics about ongoing connections. With the information obtained

from all available networks, the framework takes decisions whether to roam to an-

other network to satisfy the end-user perception with regards to the Always Best

Connected (ABC) principle [10] and to maximize QoE.

The QoS statistics are ideally measured by low-level packet handling mecha-

nisms in the Operating System (OS). This is of vital importance when statistics

must be matched against network expectations [8]. Without providing accurate

statistics to decision engines, e.g., handover mechanisms, unnecessary actions may

be triggered. This will increase the cost of backbone processes in the Internet

infrastructure and delays towards the end-user [2]. Moreover, with the aim of

achieving ABC transparently to the end-user, the processing time of the measure-

ments plays a large role in real-time applications. Therefore, the preferred place to

conduct network measurements is inside the OS, i.e., in-kernel [16]. While taking

QoS measurements, the end-user preferably should not notice any degradation in

performance. Also, privacy and security must be uncompromised and maintained

at all times.

The paper is organized as follows. Related work in Section 2.2, theoretical

aspects in Section 2.3, implementation in Section 2.4 and brief explanation of the

experimental testbed in Section 2.5 will be presented. Then, we will focus on

controlled real-life experiments to find out experimental models regarding the cor-
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relation of PDV to UR in Section 2.6.1, the benefit of using the EWMA techniques

on human perception statistics in Section 2.6.2, the definition of MBS and obser-

vations regarding the effect of MBS on the user perception in Section 2.6.4.

2.2 Related Work

Experimental and commercial frameworks have been presented before, trying to

map QoS metrics to the end-user’s experience for multimedia applications [14],

[13], [21]. Leading Mobile Network Operators (MNO) focus deeply on similar re-

search on QoE to reduce the number of rejected communication service products

by potential customers in the market [17], [8]. Yet, not all of the above-mentioned

techniques can handle frame drops or decoding errors. Early work, however,

uses machine-measurable metrics, e.g., Bit Error Rate (BER) and Peak Signal-

to-Noise Ratio (PSNR) instead of QoE input from real-life experiments. More

recent evolvement in research incorporates individuals in the QoE acquisition. A

number of perceptual quality metrics have been developed to be used in technical

systems for evaluating the image quality like Lp-norm, Structural Similarity Index

Model (SSIM) index, VIF [9].

Various studies have been conducted with the primary focus of understanding

how the distinct levels of network behaviour, with respect to PDV and packet loss,

can affect end-user perception on multimedia streaming services. Generally the

contributions regarding this research question is to find out how sensitive the indi-

viduals to the PDV. The UR was initially proposed to describe voice audio quality

but can also be applied to video quality, specified by ITU-T recommendation [18].

The QoE of videos is generally given on a scale from 1 to 5. Here, 1 corresponds

to bad quality whereas 5 means excellent. Table 2.1 presents the complete scale.

QoS is the ability of a network to provide the assurred service level with the

focus on parameters that exist in network and application level [17], [6]. Also,

QoE is defined as “subjective and it relates to the actual perceived quality of the

overall end-to-end performance of a service” [22]. Analyzing and modeling data is

as important as collecting it. Finding a trend between the instantaneous QoS and

QoE is a general and challenging problem [3].
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Table 2.1: ITU-T scale of media quality impairment, also referred to as User

Rating (UR). [18]

Scale Quality Impairment

5 Excellent Imperceptible

4 Good Perceptible, but not annoying

3 Fair Slightly annoying

2 Poor Annoying

1 Bad Very annoying

2.3 Acquisition of QoS and QoE Metrics

The QoS metric of interest for our QoE model is the PDV. Calculating the PDV

can be done in various ways, e.g., as described in [12] and [11]. RFC3393 [5],

however, proposes the procedure outlined in Algorithm 1.

Algorithm 1 Computing Packet Delay Variation (PDV)

Calculates the Packet Delay Variation (PDV) of a packet stream

1: for each received packet do

2: while Current time interval do

3: TS,n ← departure time of packet n at sender’s side

4: TR,n ← arrival time of packet n at receiver’s side

5: Calculate Dn, update D and N (2.1)

6: end while

7: PDV ← standard deviation of TR,n−TS,n values collected per time interval (2.2)

8: end for

Before settling for a PDV algorithm, we experimented and compared the output

of different PDV algorithms. The Ring Buffer (RB) algorithm yields the most

accurate results with the fastest execution time. The RB is considered to be

efficient in terms of buffer allocation during run-time. Other algorithms are storing

packet parameters in a database, calculating the PDV with respect to each of the
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stored parameters at a later point in time. As a drawback the RB algorithm does

not store packet parameters longer than one time interval.

PDV calculations require end-to-end measurements between two peers. The

unsynchronized one-way-delay of one packet Dn is calculated by the subtraction of

the departure timestamp TS,n from the arrival timestamp TR,n obtained at both

ends of the communication channel. The values of these metrics are stored at the

reception of the first packets in each interval. The next packets’ timestamps are

compared with the initial stored values of the metric. Having the first packets as

basis, we overcome the time synchronization problem.

Dn = TR,n − TS,n (2.1)

We define the PDV as the standard deviation of the end-to-end delays between

packets that are measured within a given interval. The packet delays are stored

for one second. The PDV, J , is then given by

J =

√√√√ 1

N − 1

[
N∑

n=1

(Dn
2
)−ND2

]
, (2.2)

where Dn is the one-way-delay, D
2

the average delay, and N the number of packets.

J is updated each time a packet arrives. We note that the delay variation is being

calculated by ignoring lost packets as described in the definition of one-way-delay

variation in [5].

As a result of the real-life experiments applied to individuals, the PDV values

are directly matched when the UR values are received. The user perception of

the previous network directly influences later decisions of the user. Instantaneous

matching did not satisfy enough to prove that there is high correlation. The forget

factor, the recency effect [15] and sudden change of PDV during voting are the

possible reasons. Inclusion of the remaining effects of the previously obtained

outputs into the calculation of the current output is made possible by the EWMA

approach [7]. When obtaining the UR, the EWMA is used for computing the

correlation of instantaneous user perception against the QoS metrics. Thus, by

using EWMA on PDV values, we tried to imitate the human perception process

to a certain extent [7]. The positive impact of the EWMA on the quality of the

matching between PDV and the user rating will become apparent in Section 2.6.2.

The EWMA is computed as follows:

JEWMA(i) = (1− α) · JEWMA(i− 1) + α · J(i), (2.3)
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where JEWMA(i) is the exponential weighted moving average, JEWMA(i − 1) the

previous exponential weighted moving average PDV, and J(i) is the current PDV.

α is typically set to 0.25 [7].

2.4 Implementation

A generic measurement module is used to assess the QoS metric. The measurement

data are computed from information located in protocol headers. If the necessary

information is not present, the header could be extended. Thus the module can

piggyback on any suitable protocol that allows for extensible headers. IPv6 is

a candidate for our measurement module as it allows for extensible headers by

properly setting up the next header field. Transport Control Protocol (TCP) has

similar abilities to extend the header. Tunneling protocols are also targeted for

our measurement module as they easily allow methods for customizing headers,

e.g., Generic Routing Encapsulation (GRE), UDP over Internet Protocol (IP)

(UDPIP), or Layer2 Tunneling Protocol (L2TP). In our case, we implemented

the measurement assessing algorithm on top of a User Datagram Protocol (UDP)

tunnel. The measurement module needs the following two fields to work properly:

the sequence number and the time stamp. These fields are preferably 32 bit long.

It is important to send the QoS metrics from the sender to the receiver’s side

since the actual PDV computation is done at the receiver’s side. Storing a history

of QoS metrics is not feasible. Upon the receipt of each packet, we rather update

the average inter-packet arrival and departure times together with the deviation

of the instantaneous values from the instantaneous means. PDV is calculated by

deploying these updated values at the end of each time interval as depicted in

Algorithm 1.

Any interested entities, usually residing in user-space, can obtain the PDV

metric by accessing the measurement module in the kernel. Contact with the

measurement module can be established through a local UDP socket or another

OS specific system, e.g., the /proc file system in LINUX.
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2.5 Experimental Testbed

We have set up a testbed to obtain live QoS and QoE measurements. These values

allow us to define a QoE model. In our experimental setup, depicted in Fig. 2.1,

we streamed a video over the Internet from a server to an Android phone. The

Android phone was connected to the Internet through 3G to the streaming server

site. The 3G connection was a regular data subscription from a popular Swedish

Internet Service Provider (ISP).

In Fig. 2.1 we see the streaming server that sends data over the Internet. The

Android phone was connected to the Internet via a 3G access point.

We used the Darwin Streaming Server (DSS) framework [1] on a LINUX

(2.6.27) Ubuntu 9.04 Machine for streaming media to the Internet. The streamed

video is MPEG-4 compressed with dimensions 240× 180 pixels, has 24 kHz AAC

stereo sound, 23.97 fps, and was streamed at a rate of 325 kbps.

The Real Time Streaming Protocol (RTSP) protocol [20] is used for stream-

ing the video from the server to the Android phone. After the RTSP session is

initiated, the RTSP client periodically sends RTSP requests to the server as a feed-

back control mechanism. A session identifier is used to keep track of the sessions

as needed, which eliminates the need for permanent TCP connections.

We implemented the QoE assessment tool for Android that consists of measure-

ment module synchronized to our video streaming application. The measurements

are recorded by our kernel module, extracted and written to a file by the stream-

ing video application. The files were then retrieved and analyzed with statistics

software.

Using this tool, we conducted a set of experiments where a number of indi-

viduals rated a streamed video. While watching, they rated the video by pressing

one of the five buttons on the touch screen corresponding to the UR. In total, one

The Internet

Streaming 

Server

Tunnel Entry 

Point

Play-out

Buffer
Base Transceiver 

Station

Router Tunnel Exit 

Point

End 

User

Figure 2.1: Schematic overview of the experimental set-up.
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hour of data was recorded coming from 15 adult test subjects. We conducted the

experiments in diverse environments. The test subjects were selected from various

backgrounds.

2.6 Results and Observations

2.6.1 Packet Delay Variation

In Fig. 2.2, the relation between the measured PDV and UR values is depicted.

The graphs show an excerpt of the time series obtained during our experiments.

The model that best correlates the PDV and the UR is given by

UR = −0.88 PDV(ms)
0.27 + 6.38 (2.4)

where PDV is measured in ms. When high PDV values appear, the user would see

fuzzy images or freezing video from the most recently received video frames until

the latest frame arrives. The latest frame would be played for a shorter time than

expected in order to compensate the timing for the expected frame [4]. In case of

packed loss, the lost frames will not be shown and the image will be skipped.

Various queues on the way from the streaming server to the video player cause

the PDV. Moreover, the 3G ISPs contribute to increases in PDV by attempting

to compensate packet loss due to erroneous transmission by retransmissions.

We also note that TCP is adequate in recovering from lost packets, but on the

other hand it amplifies the PDV while doing so. This is one of the reasons why

TCP is unpopular amongst streaming video applications.

2.6.2 Exponential Weighted Moving Average

The UR obtained at a given time is strongly impacted by the previously measured

PDV values. The goodness of the fit, the R2 value, is improved from 0.25 to 0.51

when the EWMA technique is applied. This is an increase of goodness-of-fit of

over 100 % as stated in Table 2.2. After EWMA was applied, the model evolved

to

UR = −9.10 PDV 0.08 + 16.18, (2.5)
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Figure 2.2: Experiment excerpt of the time series of measured Packet Delay

Variation (PDV) and User Rating (UR) values. There is a clear negative

correlation between peaks in the PDV and negative peaks in the UR.

where PDV is measured in ms.

2.6.3 On-Off Flushing behaviour

An oddity we have observed during the experiments is the on-off flushing be-

haviour. Data transfer is suddenly stopped without any noticeable visual warning

signs. After a seemingly random amount of time a burst of data, that was sup-

posed to be sent during the outage, is delivered. After the burst of data, the data

transfer continues as before. During the off timespan, the video on the screen

freezes. As a consequence, very low UR values were registered.

In extreme cases no packets arrive for about 30 seconds. This on-off flushing

behaviour degrades the correlation between the UR and the PDV results, drasti-

cally. Fig. 2.3 depicts two datasets, where we fit the PDV values against the UR.

In Fig. 2.3(a), an excerpt of the unaltered dataset is plotted and fitted against
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Table 2.2: Correlation between the User Rating (UR) and the Packet Delay

Variation (PDV) with and without Exponentially Weighted Moving

Average (EWMA) is illustrated amongst different models.

Model Linear Log Exp Power

Coefficient of determination R2 R2 R2 R2

PDV w/ EWMA 0.31 0.42 0.40 0.51

PDV w/o EWMA 0.17 0.19 0.22 0.25

Table 2.3: The correlation for the UR in relation to the PDV and MBS amongst

different models

.

Model Linear Log Exp Power

Coefficient of determination R2 R2 R2 R2

PDV w/ on-off flushing 0.31 0.42 0.40 0.51

PDV w/o on-off flushing 0.47 0.63 0.54 0.68

MBS w/o on-off flushing 0.73 0.77 0.75 0.78
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a power function. The power model is chosen since it gives the maximum least

square value, thus the best fit amongst other models as shown in Table 2.2 and

Table 2.3. The goodness-of-fit, R2, for the whole dataset is 0.51. Collection of

consecutive identical values indicates that the PDV remained unchanged and no

packets are received during those intervals. This is the case when data loss occurs,

and we eliminate these values as described in Algorithm 2. When we ignore the

on-off flushing behaviour from the data set, see Fig. 2.3(b), and compute the R2

value again we obtain 0.68. This is an increase of goodness-of-fit of about 33 %.

One of the reasons for on-off flushing behaviour could be that the 3G network

tries to recover from packet loss and only releases all packets when the lost packets

are recovered.

Referring to the large difference in R2 values, instances of on-off flushing be-

haviour can be seen as unwanted anomalies in the dataset. Another factor that

could affect the correlation in a similar way is known as the recency effect [15];

user’s perception changes faster from good to bad than from bad to good. This is

reflected in the UR dataset as a skewed reaction to QoS degradation, thus decreas-

ing correlation between the two. We haven’t yet investigated in detail the recency

effect on our dataset.

2.6.4 Maximal Burst Size (MBS)

In previous research, measuring the delay variation is based on the assumption

that the inter-departure times of the packets are uniform. This assumption does

not tell, however, whether QoS degradation originates in the network or if the

application layer is responsible. Inter-departure times of packets were not observed

to be uniform in our experiments. For this reason and out of curiosity, we observed

the MBS. The number of packets departed within the same millisecond is traced.

We then referred to MBS as the maximum amount of packets received within this

time interval, which can also be considered as the clumping size. The MBS was

plotted and fitted against the UR in Fig. 2.4. The model that we found is given

by,

UR = 59.96MBS−0.036 − 51.71 (2.6)

where MBS is measured in packets/interval . The UR is decreasing as the MBS is
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Figure 2.3: Fitting of the UR against the Packet Delay Variation (PDV) with the

raw data, i.e., with the on-off flushing effect, shown in 2.3(a), is improved to

2.3(b) when Algorithm 2 is applied to filter out the data affected by on-off

flushing behaviour. With this operation, in 2.3(b) a better correlation of

determination (R2) value is obtained; improved from 0.51 to 0.68. Corresponding

model equations are denoted on the top right corner on both graphs.
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Algorithm 2 Tracing on-off behaviour of a packet stream

Initialize variables

1: PDVn = 0;← current PDV

2: PDVn−1 = 0;← previous PDV

3: counter = 0;← counts PDV repetitions

Start tracing for duplicate PDV’s.

4: for each obtained PDV value do

5: if PDVn = PDVn−1 then

6: counter = counter + 1;

7: else

8: counter = 0;

9: end if

10: if counter > 3 then

11: discardPDV ; counter = 0;

12: end if

13: PDVn−1 = PDVn;

14: end for

growing. The peaks in the number of transmitted packets per given time interval

have a negative impact on the UR. This is a somehow surprising effect and can

be explained by the fact that large MBS values indicate a flush following an off

timespan. When we look at pcap traces we can identify MBS peaks. We distinguish

two cases; short trails of identically-sized and very large sized packets with different

content, and long trails of unusual differently sized large packets. Only in the

second case we see a severe video interruption as packet transmission is stopped

when the streaming application sends feedback to the streaming server.

Our first guess is that the streaming video application, at least on Android, is

constrained to process a certain amount of data during a given time. Larger

amounts of information, reflected in the MBS, will result in deterioration of the

video quality. Thus the application might be the bottleneck. The causes of large

MBS values and its effects are currently under investigation.
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Figure 2.4: Fitting of the UR against the Maximal Burst Size (MBS).

2.7 Conclusion and Future Work

In this paper, we presented the results and observations from a QoE assess-

ment tool that consists of an in-kernel measurement module and interactive video

streaming application. We conducted a set of experiments, focusing on PDV and

showed that the system is adequate to predict UR values, related to the QoE of

streaming video users. Fitting the QoS on QoE metrics in a mathematical model

enables a decision maker, e.g., for vertical handover, to participate in seamless

communication with the goal of maximizing end-user satisfaction.

The importance of utilizing EWMA during the analysis of data related to the

human perception is presented. From the results of our experiments we concluded

that applying EWMA techniques to our collected data increases the goodness-of-

fit of the power model by 100 %. In addition, on-off-flushing behaviour and its

effects on the correlation between the PDV and the UR values are presented. The
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goodness-of-fit of the model is observed to be increased by 33 % after removing

the on-off flushing on the network with Algorithm 2 during measurements.

An additional parameter, the MBS, is measured and correlated with UR values.

MBS, which is measured on the receiving side shows the density of the packets

departed from the streaming server within 1 ms time interval. The analysis re-

garding MBS is under investigation. We have implemented additional assessment

algorithms for metrics such as the Packet Drop Rate (PDR) and Packet Reorder-

ing Rate (PRR), these are also currently under investigation. Appropriate QoE

models for these QoS metrics are being evaluated by statistical inference.

Even though the experiments and observations in this paper focus only on 3G

network so far, we have done similar research on other networks, e.g., Wireless

Local Area Network (WLAN). However, this is under investigation. With the

completion of the ongoing research, we will be able to obtain QoS and QoE model

from all available wireless networks. As a support for vertical handover mech-

anisms, the complete information, obtained from within different UDP tunnels

which are bound to WLAN and 3G interfaces, will be simultaneously provided to

the decision maker to point out the best available network.
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Chapter 3

Paper II

If I asked people what they wanted, they would

have said ’Faster Horses’.

– Henry Ford
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3.1. INTRODUCTION

Abstract: Evaluating video QoE on a mobile phone has not yet been stud-

ied much. It is common that the data collected through user studies in mobile

platform involves high fluctuation of user ratings without obvious reasons related

to variation in network level. User disparity, user’s various intermediate or pre-

vious experiences, video bit rate, and the objective measure of criticality are a

few of the reasons that need to be identified with a well-designed user experiment.

We present an experiment procedure to understand better the perceived quality

of video in mobile platform. First, we investigate the reliability of the data, and

identify unreliable users. Then, we investigate the psychological influence factors

of previous experiences on the recent perceived quality known as the memory ef-

fect, and the influence of the bitrate on the time it takes for users to react and

evaluate the video quality, i.e., user response time.

3.1 Introduction

The growing popularity of video-based applications used for video sharing opens

new interesting research topics in QoE research in mobile platforms. For the

welfare of long-term organisation success, service providers need improved QoE

models to predict the user satisfaction particularly on high resource demanding

applications like video streaming. There have been efforts in the literature to find

trends between frame rate, bit rate, display size, video content [1], and the QoE,

which is referred to the most commonly used evaluation method for measuring

perceived quality, MOS [2]. However, the majority of QoE models in the literature

do not consider much the temporal dynamics and historical experiences of user’s

satisfaction with application or service performance [3]. As John Locke has pointed

out back in 17th century [4], “lukewarm water can feel hot or cold depending on the

hand touching it was previously in hot or cold water”, the previous and the recent

experiences play an important role on the instantaneous judgment of a particular

video quality. In addition, there may exist large disparity between users, which

makes QoE user studies a challenge. It’s hard to understand “why” and “when” the

users react to a given visual stimuli in a mobile phone. Fully understanding the

fluctuation in the ratings of each user and also rely on those ratings is a difficult

task. On the other hand, identifying unexpected fluctuation of users’ MOS ratings

with a proper experiment design enables more accurate QoE models. In this
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paper, we present an experiment procedure to have a better understanding in

the assessment of the video QoE in mobile platform. Throughout our study, we

concentrate on three items; user disparity, memory effect, and user’s response time.

First, we investigate the disparity of the user ratings amongst all participants in

the study. Next, we observe the changes of user’s rating for exactly the same

video, investigate the memory effect and the influence of video bitrate on the user

perception based on the analysis of the user disparity. Lastly, the influence of the

video bitrate on the user response time is studied.

This paper is organized as follows. Related work is discussed in Section 3.2.

The detailed description of the measurement setup and the method are given in

Section 3.3. Section 3.4 presents the results, and it is concluded with final remarks

in Section 3.5. The limitations and future work within this user study are given in

Section 3.6.

3.2 Related Work

The importance of diversity in user ratings is stated in [5] and a Standard Devi-

ation of Opinion Scores (SOS) parameter is introduced to test the reliability of

the conducted user studies, which can be examined throughout the analysis and

interpretation of the QoE results. The diversity within a single individual user

is studied in [6] and it’s claimed that at any point in time, individuals can have

different conflicting views. [7] proposes a method for user modeling that distin-

guishes users based on how products are perceived by different users. “Framing

effect”is a term commonly used in psychology, which states that the decision of a

particular option by the user is dependent on how that option is presented to the

user [8]. It is stated in [9] that what is enjoyably learnt is less likely to be forgotten.

Asymmetrical traces are observed in user perception such that, users imidiately

respond negatively to degradations in quality while being calmer in rewarding the

increased quality [10]. In [11], five major drawbacks of MOS scale are claimed

such as its reflection in human memory, recency effect, variation in the perception

for the same evidences with time, variation of interpretation of the words in MOS

scale amongst users, and the necessity for huge number of subjects. In [12], pri-

macy and recency effects are emphasized and discussed; elements at the beginning

or end of the sequence have increased weigthings in the evaluation of the presented

information. It is claimed that the duration of impairment has little impact on
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quality ratings but strong impact by the peak intensity experienced during the

video. In addition, recency effects are reduced when continuous assessment was

used. The interdependency of QoE and QoS (IQX) hypothesis, proposed and veri-

fied for packet loss in [13], presents an exponential functional relationship between

QoE and QoS. In [14], a lightweight kernel module called MintMOS is introduced

in order to infer real time video streaming and MOS values are presented with

respect to three varying parameters; encoding bitrate, delay and packet loss rate.

The varying durations between the time of stalling events and the timing of the

user ratings, as evidence to the user reaction, are observed in previous studies [15].

It is observed that the users rate low MOS values immediately after the stalling

events.

3.3 Method And Experimental Design

The experiments were carried out with 30 participants, which are randomly chosen

amongst students at Blekinge Institute of Technology (BTH) in Sweden. Amongst

30 participants, 80% were male and the age range was 21 to 30 years.

We did not set any restrictions for participants regarding the proximity of the

phone to the user during the experiments. The users were allowed to take flexible

and comfortable position, i.e., the position they are accustomed to take while

using their private smart phone in daily life. Identical instructions were given to

all users prior to the experiments with a special training session, where they watch

three different movies of different qualities from three different video sources. We

have used a set of videos which are freely available online [16]. The videos were

presented in full screen landscape mode in 480× 800 pixels.

We have set up a QoE measurement environment in which the video clips

were presented in predefined order through Samsung Galaxy S with super active-

matrix organic light-emitting diode (AMOLED) capacitive touchscreen with 16

million colours. The experimental design consists of 18 different videos, which

each are compressed with bitrates; 100 kbit/s, 300 kbit/s, and 900 kbit/s. In [17]

it’s claimed that the difference between the preceding stimuli should be adequate

enough in order for the user to perceive the difference between the recent and the

previous quality. The choice of bitrates is chosen with a factor of 3, according to

the Weber-Fechner law. After each video play-out, the user was requested to rate
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the video quality where the choices for ratings were vertically oriented buttons

marked within 5 point MOS scale [2] as a response to the question: “Overall, rate

the experience for the previous sequence ”. The rating menu pops up at the end of

each sequence play-out. A clean background with a neutral gray [18] is shown to

the user between the play-out of each sequence. The reason for this is to imitate

flushing of user memory to some extent. Practically, each experiment conducted

on the mobile phone lasted approximately 10 minutes per participant.

The experiment consists of six different deterministic scenarios and each sce-

nario consists of three deterministic states S0 (training session), S1 (session when

users are asked to watch and rate a particular video clip with certain quality),

and S2 (session when users are asked to watch the same videos that are presented

at S1 with different quality) as presented in Fig. 3.1. The content of the video

that was shown to the users at the training session, i.e., S0, was different than

the ones in the experiment. After S2, users are asked to watch and rate exactly

the same video that has been watched in S1, again. We differentiate the first and

second visits to state S1 by introducing a visit count variable, j ∈ {1, 2}. The

MOS ratings that are received by the users are denoted with x ∈ {1, 2, 3, 4, 5}. x1

and x2 are recorded in the first and second visit to S1, respectively. Each state

and scenario consists of three different video clips, and the group of video clips

that are used for each scenario are different. By this way, we aimed to imitate

flushing of user memory, and to filter out the possible biases, e.g., video content

dependency of user perception.

Table 3.1: Complementary table that describes the experiment design and the

states involved for each scenario.

S1

S2
100 kbit/s 300 kbit/s 900 kbit/s

100 kbit/s - 100 kbit/s(1) 100 kbit/s(2)

300 kbit/s 300 kbit/s(3) - 300 kbit/s(4)

900 kbit/s 900 kbit/s(5) 900 kbit/s(6) -
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S1

x1
j=1

S2
x2

j=2

S0 Start

sign(x2-x1)

Figure 3.1: The state diagram illustrates the procedure followed during the

experiments.

3.3.1 User Disparity

Not every user’s perception in the study is identical, e.g., each participant has

his/her own unique perception thus follows different MOS rating patterns for the

same given video sequences. Identifying the rating patterns for each user with the

same given experiment design helps QoE evaluation to trace users whose ratings

are statistically different from the majority. The linear Pearson correlation coef-

ficient per bitrate for one user versus all users is calculated in [19], and the users

whose correlations are less than 0.75 are excluded from the dataset. Based on our

results, we classified the users whose correlations are greater than 0.7 as “Corre-

lated” users. Then, we have counted the number of unexpected ratings per each

user, and classified the users as “Expected”, whose unexpected ratings are lower

than 2. A simple example for an unexpected rating is a decrease in rating with

respect to the increase of bit rate of the same consecutive video. We consider these

traces as indication when participants were not fully focused to the experiments.

We continued with further analysis on the data such as, memory effect and user

response time, in two approaches; one with “All” user data, and the latter with

“Filtered” data, i.e., without the users whose ratings do not satisfy the correlated

and expected criteria.
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3.3.2 Memory Effect

The study of autocorrelation of perceived instantaneous quality shows that the

perceived instantaneous quality is influenced by the latest received quality [20].

We investigated this through the presentation with visual stimuli, i.e., repeated

video sequences, to the participants and studied the fluctuation of MOS values

on the same video of a particular user and the memory effect to understand the

psychological influence factor of previous video sequences. We look for the an-

swer to the question: “Does the order of the sequences with different qualities,

e.g., bitrates, affect the user’s perceived QoE of the video?”. The first, second and

the fourth scenarios of the experiment are designed so that the first and the last

bitrates of the videos are identical with intermediate video of relatively higher bi-

trate. Similarly, in the third, fifth, and the sixth scenarios, the bitrate of the videos

of the initial and the last video are identical with intermediate video of relatively

lower bitrate. The function that calculates the difference in between the ratings,

sign(x2-x1), is calculated for each scenario. The video sources with 100 kbit/s bi-

trates are presented to the users twice with an intermediate video with 300 kbit/s

in scenario 1 and with an intermediate video with 900 kbit/s in scenario 2. The

video sources with 300 kbit/s bitrates are presented to the users twice with an

intermediate video with 100 kbit/s in scenario 3 and with an intermediate video

with 900 kbit/s in scenario 4. The video sources with 900 kbit/s bitrates are pre-

sented to the users twice with an intermediate video with 100 kbit/s in scenario 5

and with an intermediate video with 300 kbit/s in scenario 6. An additional table

that describes the experimental procedure is presented in Table 3.1, where the first

column is S1, and the first row is S2 as depicted with the bitrates presented at

each state. The matching column-row pair represents video bitrates presented at

the second visit to S1 with the corresponding scenario number shown in parenthe-

sis. The analysis are applied with two different ways; first with “All” users, second

with “Filtered” users that bear only correlated and expected MOS values.

3.3.3 User Response Time (TR)

The reasons for varying user response times with respect to the visual stimuli

should be identified. TR is calculated as the time difference between popping up

of the rating menu and the reception of the MOS value from the user. We want

to understand whether there exists any influence of video bitrate on the user’s
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thinking time, i.e., TR, for a particular video quality. Therefore, we analysed TR

with three different levels of bitrates; 100 kbit/s, 300 kbit/s, and 900 kbit/s.

3.3.4 Metric of Criticality (Criticality (o))

In order to analyse the above-mentioned three items, it’s important to understand

the motion complexities of the video sequences that are used throughout the exper-

iments and to understand the similarities amongst them. Therefore, we have cal-

culated the objective metric, o, for all video sequences. Temporal Information (TI)

measures frame-to-frame image changes and it is computed based on two consecu-

tive frames [21] and Spatial Information (SI) measures the spatial detail as given

in Eq. 3.1 and Eq. 3.2. TI and SI values are used in the calculation of the objective

measure of criticality, o, in Eq. 3.3 [22]. In the below equations, F (n) denotes

luminance channel of the nth video frame, Sobel represents the filter type, and

rmsspace is the root mean square over an entire video frame. The o values are

calculated for all the video sequences used in the study.

TI(n) = RMSspace[F (n)− F (n− 1)] (3.1)

SI(n) = RMSspace[Sobel(F (n))] (3.2)

o = log10(meann [SI(n) · TI(n)]) (3.3)

3.4 Results

In total, the experiments lasted 355 minutes with the participation of 30 users. 54

ratings were collected from each participant that makes 1620 ratings in total.

One reaction from the participants was “I have seen the same video, but I don’t

remember what I rated previously, so my ratings might be different”. This was

related to the memory factor that the users might not remember how exactly they

have perceived the previous identical video. This cause users to re-evaluate the

same video with lately gained experiences, rather than pushing the same button

again. Feedbacks regarding the MOS scale was also observed, one phrase was, “My

perception for a few videos were between the scale 3 − fair and 4 − good, and I

was unsure about the rating”. Another interesting feedback was “The fingerprints

remaining on the ratings affects my perceived quality of the video for the next

sequences”. This was considered as a relevant feedback for any future QoE studies

conducted in touch screen devices.

53



CHAPTER 3. STUDYING THE CHALLENGES IN ASSESSING THE
PERCEIVED QUALITY OF MOBILE-PHONE BASED VIDEO

3.4.1 User Disparity

We investigated some users with different MOS rating patterns than the majority

when the same stimuli are applied within the same experiment design. Users 6, 8,

9, 12, 16, 19, 25, 27, and 28 bear ratings with correlations less than 0.7. Amongst

these nine users, 6, 9, and 16 bear also unexpected ratings, i.e., the number of

unexpected ratings on the data for those users are 5. Therefore, we performed

a deeper analysis on those three users to identify anomalies in the ratings. The

video source (k), the order of two consecutive videos, criticality (o), and the MOS

values are given for those 3 users in Table 3.2. The o values for those sources with

the corresponding bit rates are also studied to understand the differences of the

objective qualities. The close values of o metric can be considered as the cause for

the unexpected ratings, however, in general, by looking at Table 3.2, this is not

the case. In fact, we observe an increase in o and the bit rate but a decrease in

the MOS values, and vice versa. Therefore, we conclude that users 6, 9, and 16

bear uncorrelated and unexpected ratings and classified them as unreliable users.

We have continued our analysis with two different data sets; a first one(“All” data

set) with all 1620 instances and the latter with 1458 ratings, by filtering out those

3 users(“Filtered” data set).

3.4.2 Memory Effect

The psychological influence factor, namely the memory effect, on the obtained

models is analysed in this section. The difference between the scenarios, i.e., the

particular order of presentation of video clips of various contents and bitrates, play

an important role on the MOS values. This percentages of increases and decreases

in ratings are given in Table 3.3 by considering both “All”, and “Filtered” data

sets. It is observed from Table 3.3 that the ratings remain the same with 51% or

below for all scenarios. This fluctuation of the ratings can be well explained by

the influence of the quality with the lately watched video clips. Although there

are unchanged ratings for the identical videos, there are also considerable amount

of traces, which shows that the first and the last ratings, i.e., x1 and x2, for

exactly the same video are different. For all scenarios except for scenario 5, the

first and second ratings, e.g., x1 and x2 are statistically significantly (p = 0.05)

different. In scenario 5, the videos of the best quality is repeated at S1 with a gap

of 60 seconds in between. It can be interpreted that the extremely good qualities

are remembered better despite the intermediate varying qualities, and that yields
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consistent user ratings. We have not observed significant changes on this analysis

when three users are filtered out as discussed before.

Independent of the detailed analysis of the scenarios, the mean MOS values ver-

sus the bitrates(k) are also calculated. Similarly, we suggest logarithmic-law mod-

els as in Eq. 3.4 (R2=0.96) and in Eq. 3.5 (R2=0.98) for “All” and “Filtered” data

sets, respectively. As expected, when unreliable users are filtered from the data

Table 3.2: A detailed look at the users whose ratings by the users whose ratings

are not classified as correlated and not expected.

User Subject 6

Source(k) 2 10 18 8 7

Order 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

Bitrate(kbit/s) 100 300 100 900 300 100 300 100 300 100

Criticality(o) 6.957.037.597.735.926.158.188.088.538.50

MOS 2 1 3 2 1 2 1 2 2 3

User Subject 9

Source(k) 14 23 9 24 25

Order 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

Bitrate(kbit/s) 300 900 300 900 300 900 900 100 900 300

Criticality(o) 7.277.297.267.328.538.576.196.155.065.06

MOS 5 4 5 3 5 4 2 3 3 4

User Subject 16

Source(k) 2 18 14 23 21

Order 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

Bitrate(kbit/s) 100 300 300 100 300 900 300 900 900 100

Criticality(o) 6.957.036.055.927.277.297.267.326.356.31

MOS 5 4 3 4 5 4 2 3 3 4
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set, there is an increase in the number of decreased MOS ratings in scenarios

one and two, and an increase in the increased ratings in scenarios three and six.

Therefore we see an improved model without the unreliable users. We need to

note that these models should not be considered as a ground truth, but only show

us clues about the behaviour of the model, since the bitrates we have considered

are limited to only three levels, e.g., 100 kbit/s, 300 kbit/s, and 900 kbit/s.

MOSAll = 0.59 ln k − 0.18 (3.4)

MOSFiltered = 0.67 ln k − 0.59 (3.5)

Table 3.3: The percentages of increases, decreases and number of changes of the

user MOS ratings for each scenario.

MOS Increase(%) Decrease(%) NoChange(%)

Scenario All Filtered All Filtered All Filtered

1 36 36 14 15 50 49

2 16 14 41 44 43 42

3 43 44 12 10 45 46

4 19 19 40 39 41 42

5 30 30 27 26 43 44

6 13 15 36 35 51 50

o values for all the sources with three different bit rates are calculated and the

mean o is illustrated on the left axis with the corresponding bitrate in Fig. 3.2.

Analysis with more data and to obtain more robust models is scheduled for future

work.

3.4.3 User Response Time (TR)

We studied the influence of video bitrate on TR, and analysed the user data first

with “All”, then with “Filtered”data set.

The TR values with respect to the video bitrates are illustrated in Fig. 3.2.

Logarithmic-law models can be suggested for both versions of the data. The
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Figure 3.2: TR, o, and MOS vs video bitrate are illustrated with and without the

identified unreliable users with suggested logarithmic-law models (CI=95 %).

dashed line illustrates “All”data set with the suggested fit Eq. 3.6 (R2 =0.99),

while the con tinuous line with Eq. 3.7 (R2 =0.97) illustrates the “Filtered”data

set.

TR(s)All = −0.65 ln k + 7.63 (3.6)

TR(s)Filtered = −0.68 ln k + 7.66 (3.7)

By looking at the analysis, we can conclude that the TR for a particular video
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is influenced by its quality, and it decreases with the higher video bitrate. The

reason, could be that the higher bitrates with good quality is perceived as good

without any doubts, meanwhile the ones with lower bitrates need more time for

the users to think and give the final decision.

3.5 Conclusion

Challenges in the assessment of video QoE on the mobile platform such as user

disparity, memory effect, and User Response Time (TR) are investigated through-

out six detailed scenarios that consist of repeating video sequences of different

quality. Prior to the analysis of the user data, we have identified the correlations

of ratings with the bitrates and also spotted the suspicious ratings for each user. 3

out of 30 users are confirmed as unreliable. Then, we continued our analysis with

two different data sets to reckon the differences in results, with and without those

identified unreliable users. Next, the number of fluctuated ratings with respect

to the same video clip are investigated and it has been observed that the ratings

received with respect to a particular video clip had tendency to change statisti-

cally in 5 out of 6 scenarios when the same particular video clip is presented to

the user for the second time after 60 seconds, given that they have watched the

same video clip with different quality within this duration. The influence of the

video bitrate to the user perception is studied as well as its influence on the TR.

A logarithmic-law model between the MOS and the video bitrate is suggested.

Also, a logarithmic-law model between the video bit rate and the response time

is recommended that show lower user response times with higher video bitrates.

One reason for this could be that users perceive and interpret the high qualities

easier as compared to the low quality ones. Foreseeing the discussed challenges

during the assessment of video QoE would help to build more robust QoE models

and more precise MOS predictions.

3.6 Future Work

We have presented our suggested models in relation to MOS, User Response Time

(TR), and the video bit rate, however these suggested models can be improved

with consideration of more data points for future work. The bandwidth demand is

higher in high motion sequences than the low motion sequences, which in reality

would make users rate a high motion video quality differently, knowing that the
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video is high network demanding. During the analysis of the memory effect, the

focus is on the detection of deviations in the ratings of a particular user during the

experiments, therefore the user’s previous experiences, which might have taken as

basis for the judgments, are neglected. It is important to analyze in future, all the

factors influencing the perceived quality of the video in mobile platforms and to

derive more robust models for QoE.
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Chapter 4

Paper III

Failure comes when you don’t listen. You

can’t put something out there and assume it’s

great. It’s up to us to make sure we’re listen-

ing to improve our chances for success- if not

this time, next time.

– Alan Lewis
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4.1. INTRODUCTION

Abstract: Increasingly, we use mobile applications and services in our daily

life activities, to support our needs for information, communication or leisure.

However, user acceptance of a mobile application depends on at least two con-

ditions: the application’s perceived experience, and the appropriateness of the

application to the user’s context and needs. However, we have a weak understand-

ing of a mobile user’s QoE and the factors influencing it. This article presents a

4-week-long 29-Android-phone-user study, where we collected both QoE and the

underlying network’s quality of service measurements through a combination of

user, application, and network data on the user’s phones. We aimed to derive and

improve the understanding of users’ QoE for a set of widely used mobile applica-

tions in users’ natural environments and different daily contexts. We present data

acquired in the study and discuss implications for mobile applications design.

4.1 Introduction

The growing availability of diverse interactive mobile applications, assisting us in

different domains of daily life, makes their perceived QoE increasingly critical to

their acceptance. However, to date, evaluation of QoE has mainly focused on

an application’s usability [1], which is evaluated in studies conducted for a limited

time in controlled laboratory environments, under conditions that do not resemble

users’ natural daily environments. The results of such evaluations help to discover

serious and immediate usability issues, but they are unlikely to help in recovering

from issues that are relevant to real-life situations outside the laboratory.

These real-life issues involve, amongst others, a nondeterministic QoS [4] and,

in particular, the performance of the underlying networks’ infrastructures sup-

porting the execution of the mobile application. The QoS is usually provided at

the “best effort” level, that is, without any guarantee by a provider on its perfor-

mance. Yet QoS can be critical to the user’s QoE, especially for highly interactive

mobile applications, delivery of which depends on frequent data transfers over the

underlying infrastructures.

A common practice for QoE provisioning is that mobile application designers

use their own judgment and perception of an application’s use as a bellwether

to gauge an application’s perceived experience [1]. This cause users, whose QoE

expectations are not satisfied, to give up using the applications or to switch to

another provider. It is estimated that more than half of 200 new Apple’s iPhone
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applications available daily, do not achieve a critical mass of user acceptance and

are withdrawn from the store’s offer within months from the launch.

The challenge for designers and researchers studying new mobile applications

is that no robust scientific methods exist for evaluating applications’ perceived

QoE in the user’s natural environments. Rather, there are qualitative methods for

usability evaluation in the Human Computer Interaction (HCI) community [1], and

there are quantitative methods for the evaluation of the QoS and performance of

the underlying network infrastructures in the data networking community [2]. Due

to the dichotomy between these approaches, there are no robust methodologies that

combine both types of methods. Our approach is to measure QoE and QoS through

a combination of methods with a goal of improving our understanding of factors

influencing QoE, and enabling us to derive implications for mobile application

design and QoE management.

In [11], which was published in the third week of the ongoing user study, the

authors presented an overview and then the details of the methodology, followed

by a very short presentation of the results for a study in progress. In this article,

we shortly present the methodology, and then expand the analysis and discussion

of the study results.

We present related works, methodology, results, and factors influencing users’

QoE, and we discuss the impact of QoS. We discuss the results, including the

implications for application design, and finally, we conclude the work and outline

the future work areas.

4.2 Related Work

With respect to mobile user experience, according to Jaroucheh et al. [10], while

modeling usage of pervasive technology and the resulting user’s QoE, one should

consider the historical as well as current user context and the flexibility of user be-

haviour depending on this context. Similarly, according to Hassenzahl and Tractin-

sky [9] user experience is influenced by user’s internal state, the characteristics of

the designed system, the context within which the interaction occurs, and the

meaningfulness of the activity. Korhonen et al. [12] surveyed mobile users and

concluded that the mobile device, task at hand, and social context are the most

influential factors of a user’s QoE. Similarly, Park et al. [13] indicated usability,

usefulness, and affect as the factors, and Shin et al. [14] added enjoyment, as well

as network access quality to this list. Reichl et al. [3] attempt to evaluate QoE
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in real user environments by capturing user interaction with the mobile phone, as

well as the user context using two different cameras mounted on a large woman’s

hat worn by the user. The approach also includes the acquisition of QoS measures

on the mobile phone and relating these to QoE. The authors indicate some design

implications for video streaming applications.

The most important difference between the existing studies and ours is the fact

that we focus on measuring users’ perceived experience in a minimally obtrusive

manner on users’ (personal) phones, for a set of mobile applications used in their

natural daily environments, and we aim to increase the understanding of factors

influencing this experience.

4.3 Methodology

This section presents the design of our methodology, which is detailed further in

Wac et al. [11].

4.3.1 Overview

We use mixed methods, incorporating qualitative and quantitative methods in a

four-week-long user study:

• Employing continuous, automatic, unobtrusive context data collection on the

user’s mobile phone through a Context Aware Software (CSS) application

• Gathering user feedback on the perceived QoE via an Experience Sampling

Method (ESM) executed multiple times per day

• A weekly interview with the user along the DRM method

We focus on already implemented and operational interactive mobile applications,

which are available and commonly used on a typical smartphone.

4.3.2 Mobile Users And Data Collection

Recruitment: Online Survey

To recruit the participants, we designed an online survey for mobile users to find

out how long they have been using mobile, what phone type they have, through
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which network provider they are connected, what usual usage pattern for voice

and data communication they follow, which applications they use, and the users’

experience in general with the current smartphone. Moreover, we got their socio-

economic status. The major criteria for the selection of 30 participants were to

own an Android smartphone and to use it frequently in various conditions in daily

life. Therefore, 30 users were selected randomly from 430 potential candidates.

Android Sensor Logs: CSS Application

The CSS application unobtrusively collects the information from users’ Android

phones, regarding cellular network, Bluetooth, WiFi connectivity and its Received

Signal Strength Indication (RSSI), sent/received data throughput (in kilobytes per

second), number of calls and Short Message Service (SMS)’s, acceleration, screen

orientation and brightness, running applications, and user location. Most of the

data is collected only when the sensor value changes, i.e., the Android operating

system OS updates the CSS with data. As the QoS indicator, we focus on an

interactivity of a mobile application and therefore we measure the median Round

Trip Time (RTT) for an application-level control message (64 bytes), sent every

3 minutes from the mobile device through the available wireless access network

technology to a dedicated server, which is deployed at our university. Simultane-

ously, Server Response Time (SRT), which is calculated as the time it takes to get

an Hypertext Transfer Protocol (HTTP) request-response with updated weather

information of the Android smartphone to a dedicated weather application server

was also monitored. The CSS sensor logs are immediately written to the phone

storage card to minimize the memory allocation on the phone throughout the data

collection process, as well as to minimize the risk of data loss. Further details on

CSS are provided in [11].

QoE Ratings and Context Logs: ESM

We have employed ESM [5] to gather users’ QoE ratings. We have implemented

this in the form of a short mobile-device-based survey, which is presented to

him/her after using an application. Thus, it is aimed to not influence the ex-

perience and behaviour of a user. Therefore, the survey does not appear after

each application usage, but at random times after random application usage, with

a maximum of 8 - 12 surveys per day. The survey poses questions about:

• Rated application QoE (poor (1) to excellent (5) based on the ITU Recom-
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mendation [6] for MOS)

• Location (home, office/school, street, other indoor, other outdoor)

• Social context (alone, with a person, with a group)

• Mobility level (sitting, standing, walking, driving, other)

While rating the same application throughout the study or even for a given day, we

requested that users do their best to provide independent ratings, while keeping

in mind that a rating is a purely subjective QoE, episodic assessment provided

on the basis of the given perception of the specific episode of application use.

We aimed to capture QoE for a set of widely available mobile applications for

entertainment, communication, or information purposes such as Internet-based

radio, web browsing, online games, video streaming, email, and news. In total,

it takes approximately 5 s for the user to complete each ESM. According to our

tests confirmed by the users, neither CSS nor ESM logs negatively influenced the

performance of their smartphone.

Weekly Interview: DRM

We have followed the DRM method [7] in order to analyze possible relations and

causality between QoE ratings, QoS, and user context, and interviewed the users

on a weekly basis regarding their usage patterns and experience on the mobile

applications along their previous 24 h period. During the interview, users explained

their responses from the ESM, and these results were compared to the visualized

CSS and ESM data logs from the smartphone. This method has been used for

fast identification of any inconsistencies between the collected data by CSS and

the DRM. This way we could also identify the factors influencing QoE for this

particular user.

4.3.3 Study Participants And Collected Data

The study was conducted for four consecutive weeks in February to March 2011.

We have recruited 31 Android users with three types of Android OS phones (Mo-

torola, HTC and Samsung), which are subscribed to four providers (Verizon (23

participants), Sprint (4 participants), T-Mobile (3 participants), and AT&T (1

participant). Two participants dropped out in the first three days of the study

due to battery issues on their older phones (S1, S27). S11 collected only one week
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of data and then dropped out due to an inconvenience. Participants S2, S8, and

S9 experienced data logging outages due to malfunctioning software on their phone

or an explicit altering of the logging. Table 4.1 presents participants (from left):

participant ID, gender, profession, phone type, age range, overall MOS as reported

in the online survey, overall MOS perception as derived from the study and the

percentage of its occurrence within all the collected MOS, number of occurrences

of low MOS values: 2 and 1 that are separated by comma, and the total number

of MOS ratings collected by the user in the study. None of the participants had

accessibility problems related to their phone use and, when asked, none of them

admitted that they were adversely affected by the beliefs regarding Electromag-

netic Resonance (EMR) health issues for mobile phone usage. We have collected

data logs for 17, 699 h in total, which represent 87.8% of the hours for the overall

study duration of 28 days. On average we have missed 84.9 h (i.e., 12.5 %) per

participant (min. 3 hours, max. 378 hours).

4.4 Results For QoE And Context (ESM)

In this section, we present results collected for QoE ratings and the user context.

4.4.1 QoE Ratings

In total, we collected 7804 QoE ratings from all the participants with an average

of 9.29 ratings per day and per participant. The high ratings (4, 5) are much

more frequent than low ones (1, 2) as illustrated in Fig. 4.2. In general, the par-

ticipants find their QoE acceptable; they have explained that they learned how to

maximize their mobile application usage along their routine activities. The partic-

ipants exhibited knowledge on circumstances that they can expect particular QoE

depending on network coverage.

4.4.2 Applications

amongst the applications, for which we have collected QoE logs, there were stan-

dard Android built-in applications, e.g., web or email applications, as well as a

variety of specialized ones. After gathering all data from the study, we have iden-

tified (from Android Market) the following 13 categories of mobile applications

(presented in order of descending frequency of usage):
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S Gender Profession Phone Type Age QoE - 

Survey 
QoE - 
Study 

MOS= 
2,1 

Total 
No of Rat. 

2 M Customer service Samsung Captivate 18-24 5 4(47%) 4, 4 218 

3 M 
Owner, moving 
company 

Motorola Droid 25-35 2 4(61%) 3, 0 181 

4 M Driver MyTouch 4G 25-35 4 5(77%) 4, 0 233 

5 F Research assistant HTC Incredible 18-24 5 4(79%) 5, 2 227 

6 F Admin. higher educ. G2 25-35 4 5(52%) 1, 0 323 

7 F ICT Consultant Motorola Droid X 25-35 5 5(89%) 5, 1 390 

8 M Web developer Motorola Droid 25-35 5 4(54%) 4, 0 143 

9 F Medical adm. assis Motorola Droid 25-35 5 5(66%) 4, 0 197 

10 F Nanny HTC Incredible 25-35 5 4(60%) 4, 0 543 

11 F Unemployed Sam. Vib. Galaxy-S 25-35 5 5(68%) 3, 1 62 

12 M Unemployed HTV Evo (WiMAX) 36-45 4 5(78%) 3, 6 620 

13 M Uni. program mngt Motorola Droid 25-35 5 4(35%) 25, 3 254 

14 M Contractor Motorola Droid X 25-35 4 5(63%) 8, 9 369 

15 M Accounts coord. Motorola Droid 25-35 4 4(84%) 4, 1 196 

16 F Operations analyst Motorola Droid X 25-35 5 5(57%) 7, 4 327 

17 M System analyst Motorola Droid 36-45 5 5(48%) 4, 5 240 

18 M ICT consultant HTC Evo (WiMAX) 25-35 4 5(62%) 5, 0 209 

19 M Teacher Motorola Droid 25-35 4 5(68%) 4, 18 317 

20 F Admin. assistant HTC Evo (WiMAX) 25-35 4 4(97%) 1, 1 296 

21 M Univ. student Motorola Droid 25-35 4 3(57%) 7, 1 195 

22 M Grant admin HTC Incredible 25-35 5 5(43%) 10, 1 276 

23 M Graduate student Motorola Droid 2 25-35 2 4(83%) 1, 2 137 

24 M Systems analyst HTC Evo (WiMAX) 25-35 4 5(94%) 2, 0 198 

25 F Univ. student Motorola Droid 2 18-24 5 4(63%) 16, 10 386 

26 M Senior adm assis Motorola Droid 25-35 5 4(55%) 11, 20 253 

28 M Graduate student Motorola Droid X 25-35 5 5(30%) 34, 15 251 

29 M Paramedic Motorola Droid 36-45 4 4(48%) 33, 12 213 

30 F Housewife Motorola Droid X 36-45 5 5(83%) 3, 1 341 

31 M Registered Nurse Samsung Captivate 25-35 5 4(52%) 1,1 209 

 

Figure 4.1: Participants: demographics and QoE ratings. Participants S1 and

S27 dropped out early in the study.
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Figure 4.2: QoE ratings distribution for mobile users.

• Communication: talk, skype, gmail, email, gtalk

• Web: default browser, dolphin

• Social network applications: okcupid, cooliris, foursquare, facebook, twitter,

foursquared, tumblr, touiteur

• Productivity tools: astrid, sandbox, calendar, shuffle, callmeter, outofmilk

• Weather apps: weather, weatherservice, weathercachingprovider

• News: espn, sports, news, penguinsmobile, foxnews, penguinsMob, reddit,

newsfox, pittFight

• Multimedia streaming: listen, youtube, pandora, lastfm

• Games: worldwar, WoW, games, poker, zyngawords, words, touchdown

• Lifestyle apps: horoscope, sparkpeople, diet

• Finance: stock

• Shopping: ebay, coupons, starbuckscard, craigslist, starbucks

• Travel: navigator, maps, locationlistprovider

• Other: Other applications
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4.4.3 Context

The applications were used mostly at “home ”, “office/School”, and “indoor/other”,

as depicted in Fig. 4.3. With respect to the social context, the applications were

used on average 80 percent of the time when the user was “alone”. The mobility

levels dominant for an application usage were “sitting”, “standing”, and “other”,

specified by the user precisely as “bed”. Low QoE ratings occur mostly when a

person is at home or school while being alone and sitting.
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Figure 4.3: Mobile users’ locations distribution.

4.5 Factors Influencing QoE

To derive the factors influencing a user’s QoE, a word cloud was created that visu-

alizes the word frequency in a user’s expressions as a weighted list. Font sizes are

set in relation to the frequency of the corresponding word as illustrated in Fig. 4.4.

We have used all 376 expressions from our 29 user’s weekly DRM interviews, as

well as data from an online survey with 430 entries. The most frequently men-

tioned key words are applications, mobility, Internet, battery, performance (e.g.,

“slow”, “freeze”), as well as features such as GPS, camera, and flash player. Many

of these are difficult to evaluate automatically. We have grouped these words into

clusters by using the affinity clustering method, which we then have labeled along

the identified factor. The coding and grouping of words into clusters were done

by two independent people, and their measure of agreement was 90 percent. Most
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Figure 4.4: Expressions in user’s interviews and surveys.

disagreements were related to the interface and application performance clusters,

especially for cases where the participants were not clear on pinpointing the main

issue. Finally, we have distinguished the following factors influencing the user’s

QoE.

4.5.1 An Application Interface’s Design

Application interface and interaction were mentioned very often; users did not like

the position and location of the keys on the smartphone screen, they had difficulty

with resizing or webpage scrolling, they did not agree with built-in dictionary

items, and they complained about inefficient manual input (e.g., the “fat finger”

problem). Some users preferred interacting with a web-based interface of particular

applications (e.g., Facebook) than with its widget.

4.5.2 Application Performance

“Freeze”, “sloppy”, “sluggish”, “speed”, “performance”, “usage of memory”, and

“sdcard” were the expressions used when referring to low application performance.

Especially for mobile applications users previously experienced on a fixed PC, the

expectations for performance were high, which resulted in low QoE.

For those users who had a PC as an alternative device (e.g., to receive/send emails),

their rated QoE’s were limited to reception of emails on the smartphone since

74



4.5. FACTORS INFLUENCING QOE

they used the PC for sending emails. The reason for this is that typing on a real

keyboard of a PC provides a better experience, especially for long messages. On

the other hand, some users preferred a smartphone to run most of the applications.

For those users, mobile applications achieved enough usability to enable them not

to use a larger and potentially more comfortable PC. In the future, we wish to

understand the characteristics of these users and the applications they use on a

mobile and a PC better.

Two particular participants were adaptive, at the same time complaining about

the applications, but they had to use them anyway: S4 complained about the

“stupid” autocorrect function of messaging, and S16 had to use a specific Virtual

Private Network (VPN) application with low usability to access corporate email.

Some mobile users expressed their tolerance for worse application performance

when they use it “on the move”. In parallel, users regularly mixed network perfor-

mance with application performance metrics; for example, while saying “Skyping

service is incredibly spotty”, the concern is actually the underlying network con-

nectivity of Skype service, not the application itself.

4.5.3 Battery

Battery efficiency consistently influenced the experience of the mobile users, as it

limited their phone usage, especially at the end of the day, when the phone was

completely discharged. S12 resolved that issue by carrying an additional battery.

4.5.4 Phone Features

Mobile users noted missing features of the phone, which then hindered their ex-

perience; for example, lack of a flash player, lack of a personalized alarm clock,

lack of special settings for vibrate-only mode, lack of or a faulty GPS, and lack of

features for privacy settings.

4.5.5 Apps And Data Connectivity Cost

In the online survey, many of the mobile users indicated that the cost of applica-

tions and data usage prohibits them from experiencing these applications.
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4.5.6 User Routine

The routines of the users implied that different sets of applications were used in

the morning, in the evening before going to sleep, in the car, and outside the office.

The user rating is influenced by the user’s environment and the importance of the

mobile application to the task at hand.

4.5.7 User Lifestyle

There were highly ranked applications that support a user’s lifestyle choices (e.g.,

sports, fashion, nutrition, and leisure). They are used on a smartphone due to

their convenience of usage (e.g., in the gym for logging of burnt calories), in the

cafeteria (for logging caloric intake), or on the street while trying to find a fancy

restaurant.

4.6 The Role of QoS

Along the data analysis, we realized that we do not have much evidence of the

influence of QoS on the user’s QoE. There are low QoE ratings in our data, but

there is no strong evidence for a low QoS. One of the reasons for that can be, as

indicated in the previous section, the fact that factors influencing a user’s low QoE

are different than QoS. Another reason for that can be insufficient granularity of

our QoS measurements with limited permissions (i.e., non-rooted phones) to access

network level metrics on user phones.

With respect to the QoS, it is influenced by the choice of wireless access tech-

nology, that is, Wireless Local Area Network (WLAN), 2.5 Generation (2.5G),

third or fourth generation (3G or 4G), thus influencing QoE. In our study we

observe, however, that the performance of the access network is not an issue, as

users are well-connected and have a choice of networks (as ordered by an increasing

nominal capacity), General Packet Radio Service (GPRS), 1× RTT, Code Division

Multiple Access (CDMA), Enhanced Data GSM Environment (EDGE), Univer-

sal Mobile Telecommunication System (UMTS), Evolution-Data Only (EVDO)0,

EVDOA, and High Speed Packet Access (HSPA). Worldwide Interoperability for

Microwave Access (WiMAX) was available for selected users in selected urban

locations: S12, S18, S29, and S24. Some number of users were connected over

WiFi at home and office, in order to ensure better QoS. We observed diversity

in the connectivity through WiFi interfaces amongst the users, ranging from 0 to
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398.5 h. In total, nine participants never used WiFi during the study, while six

participants never turned the interface off that allows the smartphone to connect

to any available WLAN access point when detected. We have attempted to inves-

tigate the influence of the WiFi signal strength on MOS; however, no clear trends

were observed.

The overall mean of RTT values collected in the study is 231 ms with a standard

deviation of 73 ms. However, it differs per MOS level (Fig. 4.5 presents the mean

of SRT and RTT). From the figure, we observe that higher values of SRT and

RTT correspond to lower MOS. For both measures, the confidence intervals gets

narrower as the MOS increases. The fluctuation in these measures observed for

low ratings, especially for MOS values 1 and 2, may be related to the influence of

these measures on the application performance. From Fig. 4.5, we conclude that

the recommended server response time for a mobile application assuring the MOS

level of 3 is 950 ms, the response time of 850 ms corresponds to the MOS level of

5 and high user experience.

Turning to throughput (i.e., bytes received per second by the smartphone), in

Fig. 4.6 we observe the relation between its average value and the MOS levels; the

mean throughput increases with the increase in MOS values, and the confidence

interval increases as well. This means that there are many different throughput

ranges resulting in the same MOS level.

The applications, for which there were many low QoE ratings, were stream-

ing multimedia applications like Listen(audio feeds application), YouTube(video

streaming), and Pandora(real-time radio streaming). Any participant in our study

was using one of these applications in average 1.67 h per day, which involved 50 MB

of download traffic and 1.7 MB of uplink traffic per day. A total of 1.38 Gbyte

for downlink and 0.5 GB for uplink traffic is observed in 28 days. A participant

was running listen application in average for 0.8 h, YouTube for 0.34 h, Pandora

for 0.5 h/day, although most of the usage was observed within a fixed group of

10 participants with a varying distribution of population. The applications Lis-

ten, YouTube, and Pandora involved around 32.7 MB, 8.15 MB, and 8.36 MB of

downlink traffic per day, and 1.03 MB, 0.3 MB, and 0.36 MB of uplink traffic, cor-

respondingly. Some of the mobile users using these applications rated 1 for MOS,

being critical of its performance, but some other users were tolerant, knowing that

they gain possibility of accessing these applications while being mobile, and paying

a performance “price” for that. Low ratings can be related to the fact, that these

applications require high network capacity or, as we learned from participants,
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some application widgets were buggy and influenced the application performance.

Additionally, some participants were launching pre-loaded MPEG-2 Audio Layer

III (MP3)s when driving, in the bus, or walking outside.

The 4G (WiMAX) service was rarely used because of its unavailability, as S18

claimed: “Unfortunately, I don’t get 4G in (A). And when I’m in (B), the 4G

connection keeps switching on and off, and the notifications are just annoying.

So I keep 4G switched off”. Another (S20) said: “My phone can operate on a

4G network, but I usually keep it set to 3G because in my experience, the 4G is

not considerably faster and just eats up my battery... Generally I keep 4G turned

off unless I am doing something network intensive and I know it is available”.

We were surprised to hear that, because according to the results of performance

measurements we conducted for the 3G and 4G networks, use of the 4G network

results in better QoS parameters than 3G. We presume that the applications used

by this particular user worked sufficiently well on 3G. It seems to contradict our

initial hypothesis that a mobile user always wishes to have the best possible and

fastest service. Our future work includes analysis of the data to support or refute

this hypothesis.

Additionally, using our DRM, we discovered clusters of users for which net-

work selection and the resulting QoS depended directly on their phone charging

behaviours. Users who were able and willing to charge their phones often preferred

the access technologies in the order WiFi-4G-3G, while this changes to 3G-WiFi-

4G for the ones who charged their phones less often. A common feeling amongst

our users was that 4G was as good as WLAN but drained too much battery. In

addition, 4G coverage is a problem, so users who are subscribed to providers with

4G support are not necessarily always within the 4G coverage, which leads to con-

nectivity oscillations between 3G and 4G, resulting in draining extra battery and

putting users at risk of instant disconnections.

4.7 Study Limitations

We recognize study limitations influencing the generalization of results. Firstly,

the study has been conducted on self-selective group of mobile users, with self-

selective set of applications. We have analyzed the QoE ratings of participants

in our study and we have identified some participants who use many applications

in a short time. The maximum number of applications that were used within the

last 3 minutes of the given QoE rating was 19. We observed that the applications
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are rated with high MOS values, 4 and 5, as more applications are used within the

3 minutes time period. We hypothesize that either such a user is more advanced

and uses many mobile applications, with which he/she is satisfied, or by using

so many applications in a short time, this user has no time to pay attention to

details of his/her low experience, just grasping the essence of, say, information

provided by the application for the given situation at hand. It would also be

more contributive if it were possible to clearly pinpoint the type of access network

technologies (e.g., 3G, 4G) in relation to the MOS values. In addition, we were

not able to capture extreme conditions (i.e., extremely high RTT or SRT values)

due to lack of granularity of the selected samples for the study. Capturing worst

conditions in real-life scenarios is challenging and nontrivial, so a longer time of

study could be suggested in order to capture all scenarios a user can experience.

Moreover, there would have been a wider variety of measurable QoS network

metrics (e.g., delay jitter and packet loss) if the smartphones were rooted and

privacy concerns were not important.

4.8 Conclusions and Future Work

In this article, we have presented our research toward understanding a mobile

user’s Quality of Experience (QoE) in his/her natural daily environments. Our

approach is a blend of both quantitative and qualitative procedures, where the

user becomes an active participant in the research. First, it requires gathering in

situ spontaneous information about the user’s mobile experience for a set of widely

used mobile applications, employing the Experience Sampling Method (ESM) for

interaction with the user directly after each mobile application usage. Second, it

requires a retrospective analysis of the user’s experience and the state of factors

influencing it, employing the Day Reconstruction Method (DRM) to assist with the

recollection of the past 24 hours. DRM was supportive in validating the collected

data through the Context Aware Software (CSS) application. In this article, we

have presented an analysis of the collected data by highlighting some factors that

impact the user’s QoE.

The novelty relates to the factors that influence QoE, including application

interface design, application performance, battery efficiency, phone features, ap-

plication and connectivity cost, user routines, and user lifestyle. These factors

go beyond the usual usability, usefulness, and user value factors, as already indi-

cated in the literature. The role of QoS was also studied, and it was indicated
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that increased Server Response Time (SRT) and Round Trip Time (RTT) val-

ues and decreased received throughput reduces the Mean Opinion Score (MOS)

values; however, in general, we observed that the users are well connected, and

use their applications mainly while in fixed indoor position and being alone. The

recommended SRT for a mobile application to ensure an MOS level of 3 is 950 ms.

Our future work includes analysis of other factors and user context influencing

this experience, and grounding them [8] via additional user studies. The impli-

cations for design-based factors are numerous; the QoE management for mobile

applications and services must be multi-faceted, and cannot only focus on maximiz-

ing the QoS of the underlying network infrastructures but also on the application’s

interface design, application performance, and mobile device performance factors,

given the user’s expectations and tasks at hand. In addition, machine learning

techniques can be applied to the user data with carefully chosen attributes and

appropriate algorithms toward accurate prediction of user QoE in different con-

texts.
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Chapter 5

Paper IV

If the facts don’t fit the theory, change the facts.

– Albert Einstein
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5.1. INTRODUCTION

Abstract: The smartphone usage nearly tripled 2011 according to Cisco Vir-

tual Networking Index. There is a high demand of energy for using popular mobile

applications, which run on smartphones with limited battery life. Video streaming

applications are widely used on mobile devices, and their high power consumption

exhibits high variance during a live streaming session, due to varying conditions on

network and application levels. Recent studies focus on the averaged power con-

sumption statistics, while there is lack of observation on the fluctuations of the in-

stantaneous total power consumption of the smart-phones. Network-based applica-

tions consume power at all layers of the communication stack, and any fluctuation

in the total power consumption during a video streaming can reveal a possible mis-

behaviour such as a stalling event. Until now, these events are investigated in Qual-

ity of Experience (QoE) studies through installation of high-energy demanding and

hard-to-deploy network measurement tools on users’ mobile devices. In this pa-

per, we demonstrate an experiment, where a user experiences a stalling event on

the smartphone and observes the live instantaneous power consumption values

through Mobile Power Monitoring Tool (MPMT) and Software Visualisation Tool

(SVT), simultaneously. We confer that the instantaneous total power consump-

tion likely reveals the misbehaviours such as stalls during a video play-out in live

video streaming on smartphones that can facilitate energy efficient QoE studies.

5.1 Introduction

Multimedia applications are immensely desired by smartphone users, but they

may be costly with respect to network capacity and energy [1]. Based on our

previous study [2], the power consumption is one of the most important key influ-

ential factors on the overall perceived quality of smartphones, which we referred

to QoE. Recent studies mostly focus on monitoring the averaged values of overall

power consumption per application basis to increase the battery performance of

handheld devices. Yet, there is still lack of focus on the variations in the power

consumption measurements. In network-based applications, the communication

stack consists of standardized functions distributed into different protocol layers

that consume energy on the communication systems. Thus, during the play-out

of a video streaming application, any abnormal interrupt on one of those layers

influences the Instantaneous Total Power Consumption (Pn).
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Most popular video applications work based on transmission-controlled stream-

ing, and a stalling event, so-called freeze, is a common impairment and it is con-

sidered as a key influence factor in user’s recent perceived video quality [3]. Prob-

ing the underlying network-layer metrics during user studies in order to identify

the influential factors for poor user experience, needs high-energy demanding and

hard-to-deploy monitoring tools. In addition, an instantaneous increase in the de-

lay and packet loss rate does not ensure that the video streaming is interrupted by

a stalling event, due to its dependency on the size of the jitter buffer. The freezes

and the corresponding fluctuations in the measured power values might be caused

for different reasons. For example, during video streaming on a mobile terminal,

when there is a “hiccup” in the network traffic, some HTTP Live Streaming (HLS)

clients with long play-out buffer are known to deactivate their network module.

Derivation of robust power models that can represent the worst-case network sce-

narios can empower implementation of energy efficient QoE measurement tools.

In this paper, we demonstrate that the power consumption metric has some

potential to identify the misbehaviours in all layers of the communication stack

during video streaming that have consequences such as stalling events. Based on

our preliminary tests, we hypothesize that the fluctuations in the power consump-

tion metric are likely correlated with the occurrence of stalling events throughout

video streaming. We conducted our preliminary experiments, while a live video is

streamed and displayed on the Android smartphone screen. Pn values are collected

and visualised through Mobile Power Monitoring Tool (MPMT) [4], and Software

Visualisation Tool (SVT), simultaneously.

5.2 Related Work

In [5], it is claimed that the mobile devices have different power efficiency for In-

ternet streaming. An on-line power estimation and model generation framework,

PowerTutor, has been described in [6], to inform developers and users regard-

ing the power consumption implications in application design and use. Wire-

less interface power consumption with respect to varying states(on/off), trans-

fer(uplink/downlink) speeds, security settings (off/WEB/WPA), radio signal strength,

and data types was studied in [7]. In [8], together with the mean power consump-

tion, the standard deviation of the power consumption data is transformed into
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information to detect abnormal energy consumption in buildings. In [9], anomaly

detection methods are applied to the data from Symbian client to distinguish

between normal and abnormal behaviour, e.g., malicious software activity.

The most important difference between the existing studies and ours is that

we focus on the instantaneous total power consumption on a smartphone to detect

stalling events directly during the steady state of live video streaming.

5.3 Experiment Setup

The experimental setup is summarized in Fig. 5.1. There are three main compo-

nents; software measurements, hardware measurements, and the Android smart-

phone. The latter runs the video streaming application that we have previously im-

plemented for QoE evaluation to stream the video from the streaming server [10].

The RTSP protocol is used for streaming via radio interface over the Internet

through the dedicated Darwin Streaming Server (DSS) framework on a MacOSX

(10.6.8). The video is MPEG-4 compressed with dimensions 176×144, and 25 fps.

The video was streamed at a rate of 481 kbit/s. The smart-phone is installed

with our live video player application and and modified version of the open source

project PowerTutor. Pn is measured as the total instantaneous power consump-

tion of all components of the smartphone, and we designed the following testbed

to demonstrate the effect of a stalling event with the live Pn values.

Android Smartphone

Video Streaming Application

Stall / No-stall button

PowerTutor

Software Measurements

Darwin Streaming Server (DSS)

Software Visualisation Tool (SVT)

MySQL
User Input (Stall, No-stall)

Pn (mW)

Hardware Measurements

MPMT Visualisation

!"#$$% &'()"#$$%&'()"#$$%

MPMT Device

Internet

User

Figure 5.1: Testbed used for demonstrating the simultaneously collected Pn

values through SVT and MPMT during live video streaming.
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5.3.1 Hardware Measurements

Hardware measurements are conducted through the MPMT device. It comes with

its own software that visualises the measurements. The experimental setup is

established while smartphone’s battery is bypassed by MPMT. It is connected

to PC for visualisation, and works with high precision [4], i.e., it generates 5000

measurement samples (in milliwatts) per second. The consumed power at each

sample is measured as the product of the instantaneous voltage and current.

We consider the measurements through MPMT as ground truth, however it has

disadvantages in terms of portability. Especially in QoE studies, conducting non-

obtrusive experiments is vital. In addition, with this setup alone, it is a challenge

to synchronize the timestamps of the power consumption values, QoS, and the

user behaviour metrics, simultaneously. Therefore, we supported the experiments

with software measurements.

5.3.2 Software Measurements

Software measurements consist of two components; SVT and modified version

of the open source project PowerTutor [11]. The details regarding the power

measurements in PowerTutor are found in [6]. PowerTutor runs a background

service that samples the Pn values per second and sends to a dedicated MySQL

server through the Internet in the form of JavaScript Object Notation (JSON)

objects. SVT is our visualisation tool that is implemented via the RRDtool [12].

It fetches the values stored in the database and visualises it on the HyperText

Markup Language (HTML) web page.

5.4 Preliminary Observations

On the right hand side of Fig. 5.1, Pn values are presented in a video streaming

scenario that consists of a stalling event. Stall and No-stall regions are depicted

with red and blue, respectively. Increased fluctuations of Pn values around a lower

average is visible during a Stall as compared to the No-stall region. On the left

hand side of Fig. 5.1, the live measurements from SVT are illustrated with the

corresponding region marked as Stall by a user. The timestamps are labeled in

different time scales, thus at a first glance, the user reaction looks delayed with
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Figure 5.2: Empirical cumulative density functions are given based on No-stall

and Occasional stall datasets collected through live streaming of identical movies

with different data rates.
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Figure 5.3: Simultaneous measurements from MPMT, SVT, and the

corresponding three stalling regions marked by the user are illustrated.
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respect to the fluctuation region in the power consumption, although it is not.

We have collected two datasets through MPMT with 5000 measurements per sec-

ond during live video streaming; first involves 1269 seconds streaming data with-

out any Stall period and the latter involves 1570 seconds streaming that involves

Occasional stalls. The No-stall and Occasional stall datasets are collected with

identical video sources that are streamed at a rate of 30 kbit/s and 481 kbit/s, re-

spectively. Empirical Cumulative Distribution Function (ECDF) for two different

datasets are depicted in Fig. 5.2. The first local plateau for No-stall is visible at

1025 mW with ECDF of 0.025, while the first local plateau for Occasional-stall is

at 1050 mW with ECDF of 0.15.

We delved further into the stalling regions, and collected further data through

MPMT and SVT, then synchronized and visualised the data in Fig 5.3. Pn values

from MPMT and SVT are illustrated with gray and blue, respectively. The regions

marked by the user as stalling periods are shown by the beginning and the end

of the stalling events with red and black vertical lines, respectively. During those

stalling periods, there exists increased fluctuations, and drop on Pn values.

5.5 Demonstration

We will use the testbed in Fig. 5.1 during the demo. The audience will be asked

to watch a 2 minutes long video that is streamed via the radio interface of the

smartphone. During the experiments, the user will press the “Stall” button as a

stall is visible in the video, and similarly press the “No-stall” button when the

corresponding stall ends. For the demonstration, we present the live Pn values

measured through both the MPMT and the SVT, and the stalling regions defined

by the user during the live streaming of a video. HTC Dream G1 that runs Android

1.6 will be used, and the applications and services that are irrelevant to the demo

will be turned off during the experiments. Since it is more probable to experience

freezes while streaming through higher bitrates, we will stream at a high-enough

rate of 481 kbit/s during the demonstration.

5.6 Limitations

There are many factors that might cause fluctuations in Pn, e.g., user click streams,

active network interface, radio modules, data transfer speed, and GPS polling

period, however analyzing all available factors is beyond the scope of our work.
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Indeed, live video streaming applications in a smartphone is not as user interactive

as other popular genre of mobile applications such as gaming, i.e., users do not

touch the phone screen often while watching a smooth video play-out in good

network conditions. Therefore, we have neglected the user behaviour during the

video streaming experiments. During the demonstration, we are also aware that

the time difference between the stalling region marked by the user and the power

drop depends also on the user reaction time, i.e., the time it takes for the user to

press the “Stall ” button upon a stall event.

5.7 Conclusion

In this paper, we demonstrate the stalling events and their influence on Pn through

MPMT and SVT. We have observed energy savings during the stalling events

while streaming live video to the Android smart-phone. We have considered the

hardware measurement as accurate, and taking this as reference, we tried to verify

the results obtained through the software measurements. On both measurements,

we observed that increased fluctuations on the power consumption values during

a not-user-interactive live video streaming session at its steady-state on a smart-

phone likely tells that either there existed a stalling event, which was caused by

the communication channel, or due to another unexpected reason related to the

application. Energy measurements are done via built-in applications in almost

all mobile devices, therefore once robust power models for those misbehaviours

are identified and deployed, the need of collecting other network indicative QoS

metrics with high-energy demanding tools may diminish in the future. Then, new

research methods based on power consumption and energy savings can be sug-

gested for QoE studies. By this way, those user studies on network depending

applications can be done in a non-obtrusive and more energy efficient way.

As future work, we want to show that the power consumption values for stalling

and non-stalling regions during a live video streaming session are statistically sig-

nificantly different. We will be repeating the experiments, while assuring to cover

a representative dataset for real world scenarios during not-user-interactive video

streaming.
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Chapter 6

Concluding Remarks

Simplicity is the ultimate form of sophistication.

– Leonardo da Vinci

6.1 Discussion on Results

In this thesis, the user-perceived quality primarily for video and other applica-

tions running on a smartphone are investigated throughout various methodologies

including user studies and preliminary experiments. A set of most influential fac-

tors for user-perceived QoE based on network, application and other non-technical

metrics, is presented. The first study in this thesis concludes with the presentation

of exponential and power-law models that relate Quality of Service (QoS) metrics,

e.g., jitter, to quantified Quality of Experience (QoE) metric, i.e., Mean Opinion

Score (MOS). Long lasting stalling events were observed during real-time video

streaming via 3G interface. The on-off flushing behaviour was related to the prop-

erty of the mobile wireless channels. Power-law models were found to yield higher

coefficient of correlation values as compared to the exponential models. This is

also due to the application and the streaming server’s behaviour, i.e., the correla-

tion of long packet delay with the burst size. In other words, in case of reduced

network capacity, either the streaming server or the operator buffers the packets,

and then flushes them as clumps when the capacity becomes available at some

point later in time. This causes the application’s playback buffer to be filled with

varying sized large packets in short duration that stresses the video player appli-

cation with highly utilized decoding process, or overflow events in the play-out

buffer. All these factors manifests itself through the network level metrics, Packet

Delay Variation (PDV) and Maximal Burst Size (MBS), that are measured at the
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kernel level, and eventually influenced the end-user perceived quality of the video.

In addition, the continuous rating method within this work enabled to understand

how the users react to artifacts during the video play-out. The results showed

that the users react to low qualities, i.e., the stalling events immediately while

forgetting to rate when video play-out becomes “smooth”, i.e., without freezes,

again. Thus, no user feedback, i.e., no ratings, were considered as good news.

Although rather high correlations between the PDV and MOS ratings were

achieved both through exponential and power-law models, it was aimed further to

investigate the human perception on the smartphone. During the second study, the

focus of the research moved towards the human factor. The influence of memory

effect on the end-user-perceived quality of the video is identified and presented.

The followed experimental method, where the identical video was shown to the

users at different points in time followed by varying previous intervals, i.e. video

bitrates, is presented. The number of fluctuated ratings, which were received from

the same user with respect to the same video clip with the same quality level that

is watched at different points in time, are investigated. In between those points in

time, the user has watched the same video clip with a different video bit rate. It

was observed that the MOS ratings received from a particular user with respect to

same clip with the same quality level, i.e. the video bitrate, has tendency to change

significantly. User diversity in a user study is investigated. Statistically different

rating patterns, which need to be distinguished from the rest of the samples in the

user dataset, for particular users have been identified. Those distinguished ratings

were later considered as unreliable, and the importance of this step in user data

analysis has been presented. Furthermore, the user response time was measured

as the time it takes for the user to decide on the quality based on the MOS scale.

It was shown that the user’s response time decreases as the video bit rate increases

following a logarithmic-law model. This might be due to the fact that it is harder

for the users to decide on the final rating for bad quality as compared to the good

quality due to user tolerance. This finding is complementary with what has been

observed in the first study. Next, the scope has been extended and confirmed that

non-technical metrics such as diversity in characteristics of smartphone users and

the memory effect play a significant role in end-user-perceived QoE.

Furthermore, the end-user-perceived quality of the smartphone in general has

been investigated based on all available applications in users’ natural environ-

ments in daily life. The main goal was to understand the end-user perceived

QoE from popular up-to-date applications running on Android smartphone to-
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gether with their usage patterns. User-oriented methods: the Experience Sampling

Method (ESM), and the Day Reconstruction Method (DRM), have been presented,

while collecting and analyzing the underlying application-level and network-level

measures. The most influential factors have been identified as interface design,

application performance, battery efficiency, phone features, application and con-

nectivity cost, user routines, and lifestyle. Since one of the most influential factors

was identified as battery lifetime and energy efficiency, in the last study, the bat-

tery consumption is studied later in details.

During the most recent work, the goal was to identify the how the instanta-

neous total power consumption deviates during the runtime of the most energy-

draining applications on Android smartphone. The real-time video streaming ap-

plication, i.e., MAT, which has been used in Paper I, is studied. Not only the

high instantaneous power consumption manifests itself as reduced battery lifetime

in the long run, it can also identify a real-time anomaly during the runtime of

a video streaming application. This can be further used to pinpoint the perfor-

mance degradation with evidences of stalling events in real-time video streaming

applications. A significant drop in power consumption was observed to occur to-

gether with a visible stalling event in the video player. Although, the root cause

for this has not been identified yet, one cause is hypothesized as the state change

of the smartphone’s radio interface to idle, when there is no network traffic. An-

other cause can be due to the drop in CPU utilization when there is no packet to

decode/process in the playback buffer. The investigation for these items is still

ongoing at the moment.

There are various applications with different demands of network resources.

Therefore, the application developers and the service providers should be well

aware of the mentioned influential factors on the end-user-perceived QoE of those

applications and services. The results of the study that has been completed so far

can facilitate the future research on the adaptive mechanisms with consideration of

the emphasized factors such as context, energy-efficiency, and network performance

metrics. Those enhanced mechanisms would then facilitate business entities to

manage the tradeoff between cost and user-perceived QoE in order to preserve the

profit while maximizing throughput.
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6.2 Future Work

In this thesis, a set of user studies with limited number of participants (maximum

30, minimum 15), due to the limited time, are presented. Although, this can be

considered to be satisfactory to identify the trend for QoE models, more robust

models need to be achieved while reaching much higher number of participants

with large-scale user studies. One future work could be either to follow crowd-

sourcing methodology, or reach vast amounts of smartphone users by making a

QoE monitoring software available in the Google app database, i.e. Google Play

Store.

Identification of agreements amongst the users with respect to the same stimuli

can be done with different methods. Inter-rater coefficients such as Kendall’s W

[72], Scott’s Pi [73], Cohen’s Kappa [76], Fleiss’s Kappa [77] are powerful and take

into account the amount of agreement between observers due to chance. In user

studies that are conducted with high number of participants, this is a beneficial

measure to understand diversity of opinions. Application of these methods are

not considered in the work provided within this thesis, however the preliminary

results that are obtained so far boost motivation to extend the analysis towards

the consideration of inter-rater aggrement in the future work.

The tradeoffs amongst the factors need to be analyzed further, i.e., service

and application providers’ economical models, user-perceived quality and energy-

efficiency. For instance, for the video streaming case, if the tradeoff between

energy consumption, the available bandwidth and QoE is defined, then it might

be possible to reduce the total energy consumption, while introducing disturbances

to the video stream when there is no sufficient bandwidth. This should be done

while keeping the user-perceived quality of the video at tolerable levels.

Application of QoE is huge [12], and as the traffic grows with the Machine-

to-Machine (M2M) communication, the user’s perceived QoE on future services

will be even more vital. A potential item for future work can be adapting the

used service with respect to all layers in the network stack with minimum power

consumption and maximized QoE. This is based on adaptive mechanisms to be

implemented by using machine learning mechanisms on the end-user terminal.

As the model learns from historical data, it serves its user statistically in the

best possible way. There exists API’s, such as the Prediction API provided by

Google [83], that enables application developers pattern-matching and machine

learning capabilities. Therefore, a study for a model based on the application-
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features, user behaviour, power consumption, application/service usage patterns,

application layer metrics, and the network-level QoS metrics can be scheduled as

future work.

There are open-source video players, e.g., VLC media player [58] that are able

to run on smartphones. In order to contribute in video QoE on smartphones,

one additional potential item for future work could be the simultaneous probe

of network level measures (delay, packet loss, burst characteristics), application

level measures (buffer status, frame display events, screen brightness), user ac-

tions (touching the screen, resume/stop/forward/rewind, MOS ratings), and in-

stantaneous total power consumption. By this way, better understanding of the

underlying dynamics of network, application, and the user interface would be

achieved.
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Mobile handheld devices have become friends in 

people’s daily lives. Frequent usage of available 

applications, especially video streaming, causes 

exponential growth in mobile IP traffic. Service 

providers and application developers need to 

know the tradeoff between the end-to-end (e2e) 

performance and cost since, not fully met ex-

pectations of customers from those applications 

cause reduced usage of services, revenue, and 

growth in the churn rate. The user-centric ap-

proach, which involves users into the assessment 

of the performance of a particular service or app-

lication, has become important within the inter-

disciplinary research field Quality of Experience 

(QoE). The ultimate goal is to obtain simplified 

QoE models on particular applications based 

on the underlying network-based performance 

metrics as well as other non-technical metrics 

related to the end-user. Android smartphones 

that use open-source code and well-documented 

Application Programming Interfaces (API), fa-

cilitate researchers to do low-level and network-

based performance analysis on end-user mobile 

devices while considering user feedback. 

In this thesis, the influential factors for An-

droid smartphone-based QoE are studied. The 

relation between the quantified user-perceived 

QoE metric, i.e., Mean Opinion Score (MOS), 

and the artifacts in real-time video streaming 

such as blockiness and jerkiness caused by net-

work-level metrics, e.g., Packet Delay Variation 

(PDV), Maximal Burst Size (MBS), and video 

bit rate are identified. Challenges in assessing 

the user-perceived QoE of video with the focus 

on memory effects are discussed. The relation 

between the objective metric of user reaction 

time and the user-perceived QoE is presented. 

Furthermore, different methods to assess end-

user-perceived QoE such as Day Reconstruction 

Method (DRM), Experience Sampling Method 

(ESM), and preliminary online survey are des-

cribed. Further influential factors, e.g., context, 

user routines, user lifestyle, and Quality of Ser-

vice (QoS) metrics such as Round Trip Time 

(RTT) and Server Response Time (SRT), are stu-

died. The thesis is concluded with preliminary 

findings that relate the instantaneous total power 

consumption to the jerkiness of a real-time video 

stream with evidences such as stalling events.
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