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ABSTRACT
Various video quality assessment methods have been developed to assess the quality
of videos worldwide. Most of these methods and metrics focus on certain
impairments and degradation that are caused during processing or transmission.
Only very few do focus on metrics of video quality based on their content. Those few
are also limited in that they are specifically designed and developed to deal on a
specific parameter. It is customary to hear about the most popular music and clips
being announced on the mainstream media based on the hits they have in a specific
period. Attempts have been made to develop algorithms that predict the hits of music
singles. Studies show that a subject’s liking or disliking of the contents of videos
influence subjective assessments.
In this thesis, we have considered opinion deviations of viewers’ as gradient
function. The amount of differences between assessments of a subject for a certain
video defines the order of deviation which is called as gradient degree. The
accumulated numbers of all subjects’ assessments for a certain video and for each
gradient degree defines the amplitude of the related gradient degree. Video
popularity sometimes is related to its perceptual quality, due to this reason; we used
perceptual quality indicators as video content assessment categories.
In this thesis, we have presented a new methodology that can be used to predict the
subjective video content perception of viewers. In this paper, we have also proposed
a model that uses the new gradient methodology to predict popularities of streaming
videos. With the proposed model, we have found global weighting constants for
predicting video popularity of YouTube video database.
In this thesis we concluded that, we can predict the video quality of a video package

from the decision consistency (inconsistency) of a certain number of people using the
PQI categories. Having a predefined, but enough, number of people we can predict
the acceptance of a video before we release to the wider population.
Keywords: Video Content Assessment, Perceptual Quality Indicators, Popularity
Predictor, YouTube, Semantic Quality Assessment.
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1.1

Motivation

Varieties of videos are being produced globally every year. The videos can be like as
ones for lecture notes prepared by instructors, company training videos aiming to
replace in person training, product demonstration videos, commercials, etc. However we
remember some of them more than others. Probably we remember them because
somehow they were affecting us. People’s preference of videos can depend on the
contents of the videos, their messages. However even two videos have the same
message, they may perceived differently by different video capturing, clipping, editing
or mixing. Here the question is to find out how a video affect us to become memorable.
With the aim of satisfying the ultimate viewers and hitting the maximum achievable
target, other questions arises that how to make a best video or how to predict success of
a produced video. The video content analysis (VCA) expressed in [1] addresses these
issues where temporal events are detected and measured as a content feature indicator. .
The VCA employs specific features such as motion intensity and motion factor for
detection and measurement. Most of the accomplished research works have considered
one or very few features to evaluate the video content. Moreover, the majority of
research in this field has been focused on the video quality issue which deals with
impairments, degradation or minimum noticeable degradation on videos. While working
on this thesis, no work was found that has encompassed audio and visual components of
a video to evaluate its content [1].

1.2

General Background

In this section we discussed broadly about human visual system, video quality assessment
methods and metrics.

1.2.1

Human Visual System

The Human visual system (HVS) is one of the most important and complex of our sense
organs that obtain information from the outside world. One can imagine how hard life
could have been if the HVS were not working the way it is working. The beauty we see,
the hazard signs that indicate to give due attention are all made simpler by the HVS.
During all phases of evolution our eyes have been adapting to observe natural
environment. This has been changed only in recent decades with the deployment of
many visual technologies, such as television, cinema, computer screens, and more
recently mobile phones. These ubiquitous technologies now strongly influence our
everyday work and private life and many people, especially of the younger generation,
have difficulties imagining a time before these technologies were available. Hence, we
are getting more and more used to not just looking at the natural environment around us,
but rather at artificial reproductions of it, in terms of digital images and videos. This is
especially enabled through recent advances in communication technologies, such as the
Internet and third generation mobile radio networks, which allow distribution and
sharing of visual content in a ubiquitous manner [2].
The need to adjust the new visual technologies to the HVS can be widely seen in video
quality assessment (VQA) and video content based quality assessment metric
developments. Many VQA metrics are based on modelling of the HVS. The more it is
known about the structure and functionality of the HVS, the more reliable and accurate
metric is expected to be developed [2].
3

1.2.2

Video Quality Assessment

With the introducing of latest technologies into video making and their cost efficiency
implementation, millions of videos have been produced in recent years and for different
fields and markets. However in sight of that the ultimate success of a video is judged by
the viewers, under constraint of the huge competition in the present video market, the
producers are interested to know the quality of a video before its release to the market.
Therefore the demand of having video content based quality assessment is growing and
has become interesting research area. Generally the traditional VQA are achieved
subjectively or objectively [3] [4].
Subjective Video Quality Metrics

Video Quality
Assessment Metrics

Objective Video Quality Metrics

Figure 1: Video Quality Assessment Methods

Subjective Video Quality Assessment
The subjective video quality assessment is the basis for the quantification of user
perceived quality. Typically the subjective assessment metrics can be modelled by using
a group of real user opinions under defined conditions. The subjective VQA is effective
and accurate, meanwhile it has some drawbacks. They are time consuming and costly,
therefore the objective VQA is essential [3].
Objective Video Quality Assessment
The objective VQA is the basis for the quantification of tool perceived quality of the
videos. Typically the objective assessment metrics are mathematical models, which are
designed by using subjective video quality assessment results [3].

1.2.3

Video Quality Metrics

The VQA metrics are the basic tools which can assess the user perception on videos.
These are generated by using the both subjective and objective VQA tests. Generally the
VQA metrics are based on mean opinion score (MoS) [3]. In the previous studies of [5]
the multimedia quality metrics were presented into two broad categories; quality of
service (QoS) and quality of perception (QoP).
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Quality of Service (QoS)
The QoS is mainly defined as the technical quality of video, it means capturing and
transmission artifacts like frame drop, blurring, jerkiness, jitter and loss or error rates.
These parameters do not convey viewer needs such as the influence of clip content and
the informational load on the user experience [5].
Quality of Service (QoS)

Video Quality
Assessment Metrics

Quality of Perception (QoP)

Figure 2: Classification of Video Quality Metrics
Generally with QoS the user has little immediate impact. Especially in VQA most of the
work has been reported on the relationship between the networks provided QoS,
satisfaction and perception of the user. Most of the previous work of VQA on user
perception of quality has almost totally neglected video content [5].
Quality of Perception (QoP)
The QoP is defined as the quality of video content; it means the viewer's interest in
video and audio content of a clip. The QoS impact is immediate and the QoP impact is
more significant. The QoP is mainly concentrating on the neglecting terms of QoS by
researchers, which are influencing of psychological factors on the perceived quality [5].
Mean Opinion Score (MOS)
MoS can be determined from subjective ratings by averaging the ratings obtained under
same test conditions [6]. This is the most commonly used parameter to generate VQA
metrics.
The overall thesis overview is presented in the below figure 3. That can give an over
view of the steps which we followed in this thesis.
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Video Content Assessment Methodology

Research Questions

Research Gap Analysis

Propose of a new Video Assessment
Methodology & Experiment design

Finding Video Database & Subject
Selection & GUI design

Conduct of Experiment & Results and
Analysis

Figure 3: Overview of Thesis

1.3

Research target and questions

In this section we discussed about research target and research questions.

1.3.1

Research target

It is customary to hear about the most popular music and clips being announced on the
mainstream media based on the hits they have in a specific period of time. Attempts
have been made to develop algorithms that predict the hits of music singles. For
example, in the Score a Hit model used for prediction of the popularity of a song [7], a
variety of features such as the song duration, loudness, and dance ability etc. were used.
This popularity predictor has been trained using data of the hit songs from many years
in the past. Whereas the resulted model is claimed to be correct in 60% of cases, it was
also observed that the impact of different features varies from year to year and hence
such model needs to be trained often for keeping it updated.

6

The main research target of this thesis is to find a new methodology to estimate the
popularity of videos. A second goal of the thesis is to develop an algorithm for the
estimation of the video popularity using the new methodology.

1.3.2

Research Questions



How can a new methodology be developed to find the popularity of videos based on
subjective perceptual quality?



How can a model be developed to predict the popularity of videos based on their
content using the new methodology?

1.4

Thesis Outline

In this section we discusses brief outline of this thesis.


Chapter 2 presents a brief summary of works which are related to video content
based assessment. It is also discussed about why the MoS is not sufficient.



Chapter 3 explains a new approach to accomplish the subjective test. It starts with
the methodology and then how it is implemented.



Chapter 4 deals with formulation, data analysis. We propose a novel methodology to
predict success of a video with respect to its content.



Finally, in chapter 5, concluding points of the thesis work are presented. Moreover,
future works that can be done as extensions of this has been proposed in this
chapter.
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Chapter 2

TECHNICAL REVIEW
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2.1

Literature Study

In this section we discussed about the importance of the video content assessment and
the previously developed models.
Video has become the major component of internet traffic and its percentage of usage is
expected to rise even higher in the years to come. The video streaming has using 45%
data consumption of mobile devices and 50% data consumption of tablets [8]. The
statics show that the usage of video streaming has been reached around the half
bandwidth of smart devices. The usage percentage is expected to rise twice of present
usage by 2017 [8]. There are so many multimedia service providers available in
internet. With huge competition in the market the success level of a video is important
for service providers. There are several factors that can have significant impact in the
success of a movie, like as purchase initiation, advertisement effect, the word of mouth
effect and decline of the audience. The impact of some of former type of factors such as
advertisement, word of mouth (WOM) and rumors have been discussed in [9].
Y. Borghol and et al introduced a methodology that is able to accurately assess the
impact of various content-agnostic factors on popularity. They collected a large data set
that consisted of multiple near-identical copies and named as clones of a range of
different content. They also developed a rigorous analysis framework, which allowed
controlling the introduced bias in studying videos that did not have the same content.
With the clone-based methodology, they found some unique results. First, they showed
that inaccurate conclusions may be drawn when video content is not considered.
Second, controlling for video content, they observed scale-free rich-get richer behavior
where with view count being the most important factor except for very new videos.
Third, they found that while the total view count is the strongest predictor, other
content-agnostic factors can help to explain various other aspects of the popularity
dynamics. Finally, they showed early uploads have an edge over latest uploads of the
same content [10].
For the assessment of perceptual quality of multimedia, subjective tests are performed.
International Telecommunication Union (ITU) has standardized documents that are
recommendations on the methodologies of subjective testing for audio and video quality
assessment. The subjective testing for audio and video quality evaluation using these
methods mainly focuses on perceptual quality and these methods have no explicit
mechanism to assess the impact of content semantics towards user rating. In some cases,
for example educational material streaming over the web [5], the importance of the
content becomes comparable to the importance of the perceptual quality for the user
satisfaction.
Thus, the subjective tests that accomplish quality assessment of a multimedia signal
only by focusing on the quality scales may lack in having input from the higher order
cognitive processes of human perception. One of the hypotheses that explain the
phenomenon of quality assessment biased by the content is given in [11]. According to
this theory, critical evaluation of the degradations present in a video gets undermined
while the users’ attention is focused on the storyline, plot and characters.
The impact of the content on the user perception in relation to video quality assessment
as described in [12] suggests a special subjective test in which the desirability of the
video content was investigated. In this subjective test, a set of short length movie clips
encoded at three coding rates was presented to 40 people to have their opinion on
9

various aspects; including the content preference and the visual quality. The obtained
results clearly highlighted that desirable content was rated significantly higher than the
undesirable and neutral contents.
In Summary there are three paradigms that can be associated with quality assessment of
multimedia content with online availability. Firstly, the meta-content factors such as an
advertisement that can play a role towards its popularity. Secondly, the perceptual
quality of audio and video services and lastly the impact of the content has strong role
towards the popularity of a service.
In this thesis, we argue to investigate another aspect of the quality assessment that has
been largely unexplored until now. Our idea is to use human computing for the
extraction of video content related features from a multimedia signal. We combine the
perceptual quality with the semantics of content to explain the success prediction of
online video services. Out of all the traffic on the Internet, YouTube is reported to
account for 20%-35% for such trafficking as mentioned in [13].
Thus, YouTube is arguably the most popular online video streaming service provider in
the world and we have performed our study using videos available on YouTube. In
order to comprehend the user experience towards such services like as are offered by
YouTube, we have found the popularity statistics of the online videos as an interesting
parameter in this relation who can be considered in different ways. One contribution
that deals with a data-driven analysis of the popularity of videos on YouTube and Daum
is found in [14].
This analysis essentially deals with studying the popularity by investigating the
distribution trends of the number of views. On a different dimension from just
considering the count of the views of a video, we believe that a study based on the
number of explicit Likes and Dislikes on a video is more relevant to probe popularity of
online multimedia content. In this report, we have presented the results of our
investigation of user’s ranking of a set of YouTube videos under the consideration of
their video success.

2.2

Content Based Video Content Assessment Analysis

In this section we discussed the content based video quality assessment models.
As the final produced video is the product of capturing, processing of both the audio and
video, considering the content of the video in the assessment of the video quality seems
inevitable. In [12], the effect on the viewers’ desirability in video quality rating has been
studied. It has been found that there is a strong positive relationship between the
viewer’s interest in the content of a given video and the quality rating.
Viewers were found to be more attentive for very small discrepancies in the technical
feature of a video in which they are not interested in the content than relatively higher
discrepancies in videos which were of higher desirable to the viewers.
It is customary to watch people showing different facial expressions while watching
videos. Smith et al in [15] suggests that there is a need to quantify the effect of viewers’
levels-of-engagement anecdotes with the use of one or more the established video
quality metrics. The reason behind this suggestion is the usual observation of the
viewer’s reaction after the completion of viewing a video. While in some, sigh of
relaxation observes in the others the love/admiration they had with the movie remains
10

for some time even after the end. It is believed that this engagement has some effect in
subjective video quality assessments and should be addressed while developing
objective metrics [12].
In [16] discusses that there are actions on which film producers should always give
attention so that they would catch the attention of their viewers and make them engaged
in the story. Unless otherwise done, that way the viewers ‘mind will escape from the
main story and focuses on other tiny issues of less importance. Discussions that viewers
who move off screen would have no basis for making video quality assessments based
on artifacts outside the primary focus zone, whereas those who were simply of the main
attention area, but still on screen, would. Garlin et al [11] puts that viewers’ preference
video content is dependent on various factors such as demography and psychological
state. To choose a video that is believed to have a global coverage should hence be an
issue if the domain of the study is to encompass people of different geography, culture,
occupation, sex and interests.
Many of the video quality assessments consider MOS as a way of taking the average
perception of the goodness or badness of a video measured by viewers. Different people
might percept a single video differently. MOS is considered as a summary as it can give
us the representative average quality scores of the videos. However, MOS has inherent
problems that might cause the effectiveness of its more general application validity as
discussed by H.Knoche et al [17].

2.3

Why MoS is not enough?

In this section we discussed about what is the MoS and why it is not enough.
In the subjective video quality evaluation to design metrics, most commonly used
procedure is MoS. The MoS is calculated based on Absolute Category Rating (ACR). It
is generally a discrete 5-points scale considering five category levels: bad, poor, fair,
good, and excellent. According to the recommendations of [4] to obtain accurate results
as well as a good understanding of the video quality, in relation to impairments, and its
sensitivity to certain parameters, views of at least certain number of test subjects such as
15 during the quality experience test have to be taken into account. The diversity in
opinions is caused by several psychological influence factors such as individual
expectations regarding quality levels, memory effects due to quality experienced in the
past, cultural background of user and sensitivity to impairments, uncertainty how to rate
absolutely the quality for a certain test condition, etc [6].
The subjective tests are time-consuming and costly, because tests need to be conducted
with a considerable number of users to average out this diversity and obtain reliable,
statistically significant results. Still, even if large numbers of users are tested, the
diversity of opinion remains. In this contest to obtain a significant result generally the
MoS is used. However, the process of averaging scores removes the users’ diversities
and gives only partially insights on the user perceptions [6].
Therefore, in this thesis we have taken user deviations into account to design a new
model for subjective test. We define deviations of opinions as a gradient function which
its order represents the degree of deviation. In this context, we were considered every
user’s opinion individually and process it; therefore the user diversities could be
preserved in the end result.
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Chapter 3

A NOVEL SUBJECTIVE TEST
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3.1

Experiment Design

This section discusses the general overview of the methodology followed to conduct the
subjective video assessment.

3.1.1

Subjects

The subjects who conducted the subjective assessment were without any training on
video quality evaluation. Most of them were students from Blekinge institute of
technology. An attempt has been made to include subjects of different variety including
age, gender and nationalities. A total of 45 people (27 male and 18 female) from
different countries participated in two experiments of our subjective assessment. Only a
few of them had been in another subjective video quality assessment before. The
following table shows a summary of the subjects’ profile.
Citizenship
Bangladesh
China
Ethiopia
India
Pakistan
Poland
Romania
Sweden

No.of Evaluators
5
2
9
12
7
3
2
5

Age Group
Below 20
21 to 25
26 to 30
30 to 45
45 above

No. of Evaluators
1
18
10
12
4

Table 1: Details of subjects’ profile
In addition to their age, gender and citizenship the participants were asked to
subjectively assess their memory skill. Forty of them said that their memory skills are
medium or high. While three of them said they have a very high memory skill. The
remaining two said that their memory skill is low. All of the participants have selfreported normal or corrected to normal vision and hearing abilities.

3.1.2

Collection of Videos

Various video databases have been searched to look to choose an appropriate database
for the video quality rating that was to be conducted. The major focus was to have
original videos that have been presented to the ultimate viewer to watch. Most of the
video databases available for video quality assessment online are videos with different
impairments and degradations, which are arranged to test objective video quality
metrics of videos with impairments. Hence we have selected our videos from YouTube.
YouTube is chosen as a source database for our evaluation sessions because of its
universality. It accounts for 20-35% of all videos on the internet [8]. Fifteen videos are
selected from the first 50 most viewed videos of their respective categories [18]. The
YouTube video categories chosen for the assessment are: education, entertainment and
News and reports.
It is important to note that all videos used in the subjective evaluation are undistorted,
un degraded normal videos. Table 2 shows the description of the video clips used in the
experiments. These videos plus 15 images, shown in the figure 4, 5 and 6, which
13

represented the 15 videos were used at ranking window of the experiments GUI, see the
figure 9.
Category
Education

S. No
YouTube video title
1
Rand Pausch Last lecture:
Achieving Your Childhood
Dreams
2
Sir Ken Robinson: Do schools
kill creativity?
3
The girl who silenced the
world for 5 minutes
4 Quantum Levitation
5 RC/XD in Real Life!!!
Entertainment
1
SIGNS
2
The Black Hole
3
Jeff Dunham
Achmed the
Dead Terrorist
4
LEAVE BRITNEY ALONE!
5
T.I Whatever
You
Like
SPOOF!
(OBAMAwhatever
News and
1
Leprechaun in Mobile, Al-I
Like)
Reports
Obama
2
Clinton Kicks the Crap out of
Fox News Part 2
3
Matt Damon Rips Sarah Palin
4 Dear Mr. Obama
5
The Animal Odd Couple

Likes
65,767

Dislikes
1952

30,926

410

146,990

8002

69,998
228,845
62,927
62,656
517,094

391
1853
643
1,100
26,148

156,143
81,586
37,976

246,979
3,402
1,474

34,143

1,183

79,117
41,864

11,863
1,183

7,679

105

Table 2: Experiment videos and statistics

Figure 4: Representative frames of Education Videos
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Figure 5: Representative frames of Entertainment Videos

Figure 6: Representative frames of News and Report Videos

3.1.3

Subjective Evaluation Setup

Environment
The subjective quality tests were conducted in a study room at BTH University and a
room in Kulenovic collection, Karlskrona. In different to ITU recommendations [11] the
rankings were made in two different places. Serious attention had been made to
eliminate any glare and disturbing noise during the assessment sessions. These
conditions were chosen so that everything would be similar to real time video watching.
Hardware
The monitor used to view the video clips was a 42-inch Kuro plasma TV and a laptop.
The plasma TV was mounted on a wall at a height of 1.5m from the ground and about
2m away from the subjects as shown in Fig. The average distances between the eye and
the display of those who conducted the ranking using a laptop were 40cm to 50cm.
15

Figure 7: Viewing Environment of Subjective Assessment Test
Software
Windows media player interfaced to a Graphical User Interface (GUI) developed in Matlab 8.1
was used to conduct the subjective assessment test is shown in Fig 8 & 9.

Figure 8: Video Display for Subjective Video Quality Assessment
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Figure 9: The GUI and the Ranking Window for Subjective Video content based
Quality Assessment

3.1.4

Subjective test performance and Evaluation

Indicator Parameters
In the subjective video content based quality assessment, four Perceptual Quality
Indicators (PQI) namely technical video quality, video content, technical audio quality
and audio content were used. For more information please see the below figure 10

Figure 10: perceptual quality indicators (PQI)
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Technical video quality (TVQ): refers to the technical visual presentation features of
a video.



Technical Audio Quality (TAQ): refers to the technical audio presentation features of

the video.


Video Content (VC): refers to the visual content of video.



Audio content (AC): refers to the audio content of video.

Evaluation Process
All the videos described in Table 2 were clipped to an optimal duration time, t. The
optimal length was chosen to be 20 second, long enough to convey the messages in
them and short enough to shorten the whole evaluation session. The subjective video
rankings had two sessions
Experiment 1


Session 1: Five clipped videos each category wise were presented on the monitor
first, before ranking windows appear. That is, first 5 education videos were
presented and then these videos could be ranked from 1 to 5, indicating increase of
satisfaction, by the subjects with respect to video content. After completing the
ranking of the education videos, the rankings of the entertainment and news and
reports videos were followed. A 3 second gray window separates two consecutive
video clips as shown in the Figure 4. As the ranking was supposed to be done after
all the videos are viewed, single frames representing each video were presented in
the ranking window. After the completion of session 1, session 2 followed
immediately.



Session 2: The video ranking in this section is similar to that of session one except
that here all the 15 videos from the three categories are mixed in a random order,
presented once at a time and ranked 1 to 15 for video content. Similar to that of
section1, rank 1 is given to the lowest level of satisfaction and rank 15 to the highest
level of satisfaction. The above description of the steps followed in the subjective
quality assessment was for the assessment done during experiment 2.

Experiment 2


In this experiment, the presentation of the video clips was same as in previous
experiment. The difference between the two experiments lied on that in the first
experiment, subjects were oriented to rank the videos four times based on each of
the four PQIs, independently.

Orientation
It is important to note that the subjects were carefully given a detail orientation about
the subjective video assessment: on how to go through the GUI while ranking the
videos and so on.
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The Orientation comprised of:


The definition/description of the four PQIs used for ranking.



For subjects who had prior experience on video quality evaluation, the
differences in the way of evaluations were told. In a single ranking window,
while using a specific PQI for ranking, the same rank cannot be given to two
videos.



Each ranking is independent as the ranking parameter being used differently.

After the oral orientation, but before the actual ranking sessions the subjects were
given two video clips followed by ranking windows similar to the actual ones to
check if they had understood the oral orientation given to them.
Clip
1

3Sec
blank

Clip
2

3Sec
blank

….

Clip
5

3Sec
blank

VC
ranking

Figure 11: Orientation Subjective assessment Test for Experiment 1
Clip
1

3 sec
blank

Clip
2

3 sec
blank

….

Clip
5

3 sec
blank

VQ
ranking

VC
AQ
AC
Ranking ranking Ranking

Figure 12: Orientation Subjective assessment Test for Experiment 2
The above two columns of the ranking process, figure 11and12 can clearly show the
subjective test performance in the two experiments.
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Chapter 4

RESULTS AND ANALYSIS
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4.1

Experiment 1

In this section we discussed about the findings of experiment one and analysis.

4.1.1

Stages of data collection and Processing

Step1: Collecting the subjective data from the Matlab based GUI.

We got the results from each viewer in the Matlab environment. The data were
transferred into Excel for each individual person for further data analysis. The gradient
colleting process clearly shown in table 3
Video
En1
En2

Session
S1
S2
S1
S2

People/Subjects
P1
P2 P3
P4
4
2
1
5
4
1
2
1
3
4
3
3
5
2
3
3

Gradients
g1 g2 g3 G4
2 0 0
1
0

2

0

Table 3: Gradients collecting process
Step2: Processing the collected data for each individual subject

As we mentioned earlier section we have two sessions in subjective test assessment, so
we have two forms of ranking, which were as follows, the first session ranking was
from 1 to 5 and the second session ranking was from 1 to 15. We follow some steps to
equate the both session rankings to obtain the gradient difference. For session one
rankings, we just use them as we get from the subjective assessment test and for the
session2 we rewrite ranks according to their preference.
Step3: Finding the gradients for four parameters

We used five different colors as color-coding to differentiate the order of deviations.
The amount of differences between assessments of a subject for a certain video defines
the order of deviation which is called as gradient degree. The accumulated numbers of
all subjects’ assessments for a certain video and for each gradient degree defines the
amplitude of the related gradient degree. In table above, for video En1, three colors of
white, yellow and red indicate the presence of gradient degree of 0, 1 and 4 respectively.
The accumulated numbers of each gradient degree of 0, 1 and 4, in this case becomes as
0, 2 and 1 respectively.
Step4: Comparing the all order gradient

We were trying to find the relationship between four order gradients.

4.1.2

Analysis of Experiment 1

The figure 13 shows that, the deviations of viewers' opinions in experiment 1 were very
few and consistent. Therefore, it shows that that experiment which we have conducted
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so far has not given a proper solution to our idea. In this case we have introduced
categorical quality assessment in the coming section 4.2.
All order gradients of experiment 1

8

Gradient1--Blue
Gradient2--Red
Gradient3--Green
Gradient4--Pink

Total No.of Gradients

7
6
5
4
3
2
1
0
0

5

Video number

10

15

Figure 13: All order gradients of experiment 1

4.2

Experiment 2

In this section we discussed about, the findings of experiment 2, data analysis and
designing a mathematical model to find video popularity index metric based on PQIs.

4.2.1

Stages of data collection and Processing

Step1: Collecting the subjective data from the Matlab based GUI.
We got the results from each viewer in the Matlab environment .The data were
transferred into Excel for each individual person for further data analysis. In
comparison to experiment 1, the subjects gave their assessments for each category of
PQIs for two sessions similar to experiment 1.
Step2: Processing the collected data for each individual subject
As earlier we have two forms of ranking, which were as follows, the first session
ranking is from 1 to 5 and the second session ranking is from 1 to 15. We follow
some steps to equate the both session rankings to obtain the gradient difference. For
session one rankings, we just use them as we get from the subjective assessment test
and for the session2 we rewrite ranks according to their preference.
Step3: Finding the gradients for four parameters
We used different color-coding to differentiate the order of deviations. The amount
of differences between assessments of a subject for a certain video defines the order
of deviation which is called as gradient degree. The accumulated numbers of all
subjects’ assessments for a certain video and for each gradient degree defines the
amplitude of the related gradient degree.
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Step4: Comparison of all orders of gradients for four PQIs categories
We can find the all order gradients for all video with respect to four PQIs categories.
These gradients were representing the deviations of people rankings. These
gradients were used for further data analysis. The video ranking behavior from
session1 to session2 for a single video from the four PQIs categories are presented in
the following figures. See more in Appendix A.
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video quality1
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3
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7

8

Figure 14: PDF of the ranks of an education video in the two sessions considering the
four PQIs categories.
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Figure 15: PDF of the ranks of an entertainment video in the two sessions considering
the four PQIs categories.
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Figure 16: PDF of the ranks of an education video in the two sessions considering the
four PQIs categories.
The above figures are the probability density functions for the viewer’s rankings in
the two sessions. The figures show how the viewer’s change their opinion on the
same video in relation to different categories. With the observation of these above
figures we can also see that the viewer’s ranking consistency is changing from one
video to another video.
In the following figures17, 18, 19 &20 we can observe how the gradients are varied
from one video to another with respect to the all four PQIs categories. The results
indicate that the gradient 1 is highly fluctuated for all videos. We can conclude that
the order of deviation is inversely proportional to the viewer’s consistency
Video Quality-Gradients

25

Gradient1
Gradient2
Gradient3
Gradient4

Frequency of deviations

20

15

10

5

0
0

5

Videos

10

15

Figure 17: Consistency of viewer’s opinions based on Video Quality
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Audio Content-Gradients

Frequency of deviations
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Figure 18: Consistency of viewer’s opinions based on Audio Content
Audio Quality-Gradients
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Figure 19: Consistency of viewer’s opinions based on Audio Quality
30

Frequency of deviations
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Gradient4
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0
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Videos
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Figure 20: Consistency of viewer’s opinions based on Video Content
25

4.2.2

Analysis of Experiment 2

The probability distribution of the gradients shows the overall trend of the occurrence of
the gradient values for the four PQIs in Fig 21. One general observation is the
exponential falloff characteristics in the level of inconsistency with the increase of the
degree of gradient. The level of inconsistency in ranking taken as gradient degree here
is the key to comprehending the subjective behavior towards our assessment procedure.
We understand that when a subject changes the rank value of a video between the two
sessions, it should not be considered as a by chance happening. A small value of
gradient can, sometimes, occur because a subject may not be able to recall the rank
value given in the session one. We argue that a big change in the ranking should occur
only after a serious thought and it is not a by chance happening.
0.7

TAQ
AC
TVQ
AQ

Probability of Occurence

0.6
0.5
0.4
0.3
0.2
0.1
0
1

1.5

2

2.5
Gradient

3

3.5

4

Figure 21 Probability Occurrence of a Gradient Degree for 4 PQIs

4.2.3

Video Popularity Index Model

In this section, we propose a model that can relate the gradient of ranking with the video
popularity index of videos on YouTube using a linear model.
The Subjective quality ranking was conducted in two sessions as described in section
3.1.4 For the 15 clips used in the subjective video ranking, 465 quality ranking pairs
were conducted.
Categories

d1

d2

d3

d4

Total

TAQ

189

61

26

4

280

TVQ

142

38

18

5

203

VC

166

67

26

15

274

AC

156

66

28

12

262

Average

163.25

58

24.5

9

254.75

Table 4: Sum of quality ranking gradients
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The table 4 shows the distribution of overall gradients of all videos for different PQIs
categories. The total deviations of each PQI are computed according to deviation order.
For example, the total
of TAQ represents the 15 videos total devotions of gradient 1.
Lower decision ranking gradients tell that viewers were consistent in quality perception
of a video. On the other hand, higher decision ranking gradient shows that viewers’
decision on the ranking of a given video has been changed highly in the two sessions.
Figure 14 shows the probability density function (pdf) of the ranks given to the 15
videos in two sessions using the 4 categories. Having a look at the pdf plots gives us
that the ranks generally have a Gaussian distribution trend.
From the table 5 the probability of occurrence of quality ranking gradients can be
calculated as follows.

Where is the probability of occurrence of quality ranking gradient and
the total number of paired rankings of the videos using for one category
Pairs

stands for

The local weights are proposed with respect with probabilities
Parameters
TAQ
TVQ
VC
AC
Average

P1
0.4065
0.3054
0.357
0.3355
0.3511

P2
0.1312
0.0817
0.1441
0.1419
0.1247

P3
0.0559
0.0387
0.0559
0.0602
0.0527

P4
0.0086
0.0108
0.0323
0.0258
0.0194

Pall
0.6022
0.4366
0.5892
0.5634
0.5478

Table 5: The probabilities for the averaging differences
We computed the You Tube video popularity index matrix ( ) as a ratio measure based
on the total number of likes and dislikes given by the viewers. It is computed as
Where, the number of likes, represented by , refers to the number of times a video has
received thumbs up from the viewers and the number of dislikes, represented by ,
refers to the number of times a video has received thumbs down impression.
These probabilities of occurrence along with the like-dislike ratings of the videos on
YouTube as in table 5 and Table 6 were used to come up with the following proposed
model of predicting video popularity index. The linear equation computed as
∑

∑

∑

Where
are local weight factors,
used in the subjective assessment test
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∑

∑

is the total number of video clips

Video
Ed1
Ed2
Ed3
Ed4
Ed5
En1
En2
En3
En4
En5
Nr1
Nr2
Nr3
Nr4
Nr5

Likes
65,767
30,926
146,990
69,998
228,845
62,927
62,656
517,094
56,143
81,586
37,976
34,143
79,117
41,864
7,679

Dislikes
1,952
410
8,002
391
1,853
643
1,100
26,148
246,979
3,402
1,474
1,183
11,863
18,034
105

0.9712
0.9869
0.9484
0.9945
0.9920
0.9856
0.9827
0.9536
0.1852
0.9600
0.9626
0.9665
0.8696
0.6989
0.9865

Table 6: The YouTube Video Popularity Index Computing

From table 5 it has been found that the probabilities of the occurrences decrease as the
ranking gradient increases. That means a ranking gradient of 1 is not something that
would be exaggerated a lot. For such a reason, the inverse of the probabilities has been
taken as an approximate weighting factor, i.e.

Table 7 shows the normalized weighting factors of the ranking gradients of the four
parameters.
Parameters
TAQ
TVQ
VC
AC

0.016
0.024

0.052
0.090

0.122
0.190

0.792
0.683

0.046
0.114
0.293
0.044
0.104
0.245
Table 7: Normalized weighting factors

0.508
0.573

Are used as global multiplying factors to be equated with the like to dislike
ratio of each video. This gives us an over determined system of 15 equations with four
unknown constants. Least square solutions were to find the constants.

,
Thus, with these global weighting constants, the suggested model for the Prediction of
video content comes into effect.
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Chapter 5

CONCLUSION AND FUTURE WORK
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5.1

Conclusion

Videos are most often accompanied with the audios. Thus the audio should not be
totally neglected while we are working for video quality assessment metrics. Moreover,
since the audio and video contents do have a very influential role in the quality ranking
(scoring), their consideration should be given due attention.
In this thesis, we have considered opinion deviations of viewers’ as gradient function.
The amount of differences between assessments of a subject for a certain video defines
the order of deviation which is called as gradient degree. The accumulated numbers of
all subjects’ assessments for a certain video and for each gradient degree defines the
amplitude of the related gradient degree. Video popularity sometimes is related to its
perceptual quality, due to this reason; we used perceptual quality indicators as video
content assessment parameters.
In chapter 3, we have presented a new methodology for subjective assessment test that
can be used to predict the video content perception of viewers. The methodology is
developed in Matlab GUI interface and the subjective assessment test has conducted
under real viewing environment. We have used the PQI are the categories of video
quality assessment.
In chapter 4, we processed the each subject data individually to keep their diversities of
opinions. We have carefully treated the collected data and computed the gradient
deviation functions. With the deviation functions we proposed a linear model that uses
the new gradient methodology to predict popularities of streaming videos. With the
proposed model, we have found global weighting constants for predicting video
popularity of YouTube video database.
From the video quality predicting model formulated in chapter 4 and the correlations of
the video quality ranking presented thereafter, it can be concluded that we can predict
the video quality of a video package from the decision consistency (inconsistency) of a
certain number of people using the PQI categories. Having a predefined, but enough,
number of people we can predict the acceptance of a video before we release to the
wider population.

5.2

Future Work

The video quality rankings presented in this thesis work were relative to the videos in
the subjective video ranking to each other. In the future these quality assessment can be
modified in a way that Videos that can be used as a threshold between acceptable and
unacceptable (good and fail) be included with the videos whose quality score is to be
measured. Moreover, having identified top quality videos from the subjective video
quality rating, the combination of the different audio-video features that gave to good
quality scores has to be found out. For example, what color and brightness of video are
very well accepted with an audio of some frequency and pitch and sound delay? How
audio messages do impress people when its video has got what feature etc. are those
that can be done in the future. Upon working on the, the objective video quality
assessment metric, we believe, would go one step forward.
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Appendix A
The video ranking behavior from session1 to session2
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Figure 22: PDF of the ranks of an Education2 video in the two sessions considering the
four PQIs categories.
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Figure 23: PDF of the ranks of an Education 3 video in the two sessions considering the
four PQIs categories.
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Figure 24: PDF of the ranks of an Education 4 video in the two sessions considering the
four PQIs categories.
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Figure 25: PDF of the ranks of an Education 5 video in the two sessions considering the
four PQIs categories.
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Figure 26: PDF of the ranks of an Entertainment 2 video in the two sessions considering
the four PQIs categories
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Figure 27: PDF of the ranks of an Entertainment 3 video in the two sessions considering
the four PQIs categories
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Figure 28: PDF of the ranks of an Entertainment 4 video in the two sessions considering
the four PQIs categories
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Figure 29: PDF of the ranks of an Entertainment 4 video in the two sessions considering
the four PQIs categories

38

N1

0.35

video quality1
audio quality1
video content1
audio content1
video quality2
audio quality2
video content2
audio content2

probability density

0.3
0.25
0.2
0.15
0.1
0.05
0
-2

-1

0

1

2

3
Ranks

4

5

6

7

8

Figure 30: PDF of the ranks of a News and Reports 1 video in the two sessions
considering the four PQIs categories
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Figure 31: PDF of the ranks of a News and Reports 3 video in the two sessions
considering the four PQIs categories
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Figure 32: PDF of the ranks of a News and Reports 4 video in the two sessions
considering the four PQIs categories
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Figure 33: PDF of the ranks of a News and Reports 5 video in the two sessions
considering the four PQIs categories
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