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CHAPTER 1. AIMS OF THE DISSERTATION

INTRODUCTION

“Television won’t be able to hold on to any mar-
ket it captures after the first six months. People
will soon get tired of staring at a plywood box
every night.” Darryl Zanuck, studio executive,

20th Century Fox, 1946

The history of moving pictures goes back for more than a century and since its both difficult
and thrilling beginnings, the motion picture industry has changed substantially. From black
and white silent films that were screened in movie theaters only we moved to sound films, not
much later after that television technology has been developed which brought a completely
different way of delivering the content to the viewers. This major change that enabled the
viewers to watch the movies and shows in their homes then later led to developing of new
broadcasting technologies such as cable and satellite television broadcasting in both analog
and digital form up to delivering the video content to the final consumer via Internet as we
now it nowadays.

Furthermore, modern technologies enabled not only for watching the video content at
our homes but for watching practically at any place, thanks to rapid development of mobile
networks and smart phones. However with this possibility, the users also tend to require
better visual quality of the video content and want to be able to use the service anytime and
everywhere. This brings high demands on the infrastructure and on the processing of the
video content.

In this thesis, we will address the issues of the delivery system and the modern video
encoding algorithms and their use for online video streaming. Because, if we go back to the
introductory quote of Darryl Zanuck, he was partly right. People really got tired of staring
at plywood box. Nowadays they want to consume the video content anytime and anywhere
on their laptops, tablets and smart phones as well.

1 AIMS OF THE DISSERTATION
Current research in video coding is mainly focused on optimization of specific coding tools
of the algorithms, mainly for H.265/HEVC. However, for deploying of a coding standard in
real situations, the investigation of its behavior in a specific situation is necessary as well.
The aims of this thesis can be divided in two main groups:

• Investigation of features of modern video coding algorithms towards their possible use
in online streaming services,

• Factors influencing the Quality of Experience in online streaming environment.

1.1 Goals
The main goal of this dissertation thesis will be to design an optimal strategy for encoding
the video content up to Ultra High Definition using new video coding algorithms considering
its possible use in adaptive streaming services. To achieve the goal, we have to answer
following questions:
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CHAPTER 2. CURRENT VIDEO ENCODING SOLUTIONS

Question 1 What are the current video coding solutions and how to efficiently create en-
coded content?
This question is answered in Chapter 2.

Question 2 How to set up an HTTP adaptive streaming service with the use of HEVC and
can the users spot a difference?
To answer this question, several experiments have been designed and the re-
sults can be found in Chapter 3.

Question 3 How can other features apart from the encoding have an impact on the QoE?
In finding the answer to this question, crowdsourcing studies have been per-
formed and are described in Chapter 4.

Question 4 What are the benefits and drawbacks of using crowdsourcing for QoE studies
and how does such a crowd look like?
Finally, this question is answered in Chapter 5 using the data gathered from
all of our crowdsourcing studies.

2 CURRENT VIDEO ENCODING SOLUTIONS
Currently, the dominant emerging video coding standards are H.265/HEVC and VP9. Al-
though VP9 is developed as an open software by Google, it does not seem that VP9 will be
massively employed in the near future. Therefore, on next pages, we will further consider
HEVC and its possible scalable extension only.

2.1 High Efficiency Video Coding
High Efficiency Video Coding (HEVC) is a result of joint collaboration between ITU-T
Video Coding Experts Group and ISO/IEC Moving Pictures Experts Group and is a direct
successor of the widespread H.264/AVC. Although H.265 uses similar basic coding tools as
its predecessor, new improvements allow to decrease the video bit rate by approximately
50% with preserving comparable perceived quality. A thorough overview of HEVC can be
found in [1], further information can be found in the ITU-T standard, [2].

2.2 HEVC Implementations
As a part of the HEVC standard, a reference implementation of both the encoder and the
decoder has been created. At the time of writing this thesis, the HEVC Test Model (further
denoted as HM) was in version 16.3, [3]. However, the HM Test Model is not well optimized
and the encoding of even a short sequence requires a high amount of both system resources
and time. Hence, in [4], we designed an experiment to evaluate the performance of available
HEVC implementations. In the study, a comparison of HM Test Model, x265 encoder and
DivX265 is presented, [5, 6].

For video encoding we used SD video sequences available from the IRCCyN/IVC Eye-
tracker SD 2009_12 Database [7]. Although HEVC is mostly designed for HD video, in this
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CHAPTER 3. ENCODING RELATED FACTORS

test we use SD (720x576 pixels) videos with 150 frames due to high computational time
needed by the HM encoder. Altogether, we used 5 different source sequences

In Tab. 2.1, we can see the time demands of different HEVC implementations when
encoding the same videos, [4]. The table shows the average time needed to encode 150
frames long sequence at a given bit rate.

Tab. 2.1: Time demands of HEVC implementations

Time [s]
bit rate [kbps] HM x265 DivX265

250 9918 43 113
400 10800 49 129
500 11305 53 140
750 12324 59 153

1000 13053 63 167
1500 13155 71 179

Our study also evaluated the final visual quality of the decoded pictures. The decoder
used was the same for all three implementations; as quality metrics, we used Peak Signal to
Noise Ratio (PSNR), [8] and Structural Similarity Index (SSIM), [9]. The results show, that
while HM usually offered the highest quality, x265 encoder was slightly below. However,
these differences were mere 1 dB inthe terms of PSNR, therefore the quality can be regarded
as comparable.

The variety of encoder’s setting was also evaluated in the comparison. Both HM and
x265 offered very wide variety of different settings, although HM offered a bit more options.
Nevertheless, based on above mentioned, for further work and necessary video encoding
purposes, the x265 implementation will be used.

3 ENCODING RELATED FACTORS
The perceived quality or the Quality of Experience (QoE) is a crucial factor of any multimedia
delivery service. Though in the ideal case the quality of the content delivered should be the
best available, many trade-offs have to be made to meet the expectations of both consumers
and stakeholders. In the following Chapter, we address the issues of QoE under different
conditions to find both video encoding related and other factors with an impact on the
quality of the service as perceived by the real observer.

3.1 H.265/HEVC in HTTP Adaptive Streaming
As the video delivery is moving towards online streaming, an appropriate system for main-
taining the quality of the streamed video is very important. One of the ways how to control
the quality in video streaming services is HTTP adaptive streaming. In this Section, we
investigate the influence of segment length in adaptive streaming while using H.265/HEVC.
A few studies in this field have already been done, however, they comprised H.264/AVC
only, [10]. In [11], a study on segment length of HEVC coded videos for HAS is presented.
However, it should be mentioned, that the results of this study were published later than
our research published in [12].
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CHAPTER 3. ENCODING RELATED FACTORS

3.1.1 HD vs UHD Resolution in HTTP Adaptive Streaming
The Ultra High Definition term has been a buzzword of last few years. Although the prices of
4K TV sets have dropped rapidly which makes them affordable not only for enthusiasts but
for regular users as well, the availability of native 4K content is still limited. The pioneers in
delivering the 4K content to the users are nowadays VoD services or video streaming servers,
hence, the link between UHD and adaptive streaming is obvious.

To investigate the impact of HD and UHD (4K) on the QoE under different adaptive
streaming scenarios, we proposed the following experiment, [13]: At first, a database of
coded sequences was created. The database consisted of two source sequences of duration
of 120 s each, both available in HD and UHD. In the next step the source sequences were
split into segments of duration of 10 s.These segments of HD and UHD sequences were then
independently encoded using HEVC. The encoding was performed using 5 different bit rate
settings. These bit rate levels were different for HD and UHD and were chosen in order
to obtain comparable objectively measured quality after encoding the source sequences of
definitions.

Based on the bit rate levels, 5 HAS scenarios were proposed. These scenarios described
the most typical situations that may occur when streaming video using HAS based service:

1. constant quality during the playback,
2. gradual quality decrease up to worst quality before the end of the sequence, high quality

end,
3. drop-down to average quality in the middle, high quality end,
4. moderate quality changes in both directions,
5. constant high quality, sudden drop-down at the end of the sequence.

The encoded video segments were then used to create sequences according to the proposed
HAS scenarios. As we have 5 scenarios, 2 contents and 2 resolution, together we got 40
HAS sequences. These HAS sequences were then used in a subjective quality assessment
campaign.

Subjective Quality Evaluation

To get the viewers’ opinion, a pilot subjective quality evaluation was conducted. The settings
of the test were as follows:

• single stimulus (SS) presentation with hidden reference,
• absolute category rating (ACR), [14],
• 10 participants, mainly experts,
• 20 HAS sequences,
• 50" 4K TV set Samsung HU6900 for screening.
At the beginning of the test, the viewers were given information about the test itself and

about the scale for rating the sequences. The range of the scores was from 1 to 5, where
1 represents bad quality and 5 excellent quality, respectively. The viewers were also shown
an example of high quality and low quality sequence in order to obtain the information about
the dynamic range of the quality of the sequences which will be shown. These sequences were
not further used for the evaluation. The test panel consisted of 10 participants. Although
a minimum of 25 participants is usually recommended, considering this as a pilot subjective
quality evaluation and the fact, that the participants were mainly experts in the field of
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CHAPTER 3. ENCODING RELATED FACTORS

video quality, we can afford to have such a small group and still consider the collected data
as relevant.

As the hidden reference(s), the sequences of the first HAS scenario were used. The users
were presented the sequences in pseudo-random order. We created 2 playlists, also the test
group was split into 2 groups, each group was following the corresponding playlist. In the
playlists, the contents and resolutions were randomly alternating. If we would present all
20 sequences directly, the viewer’s rating could be influenced by fatigue and loss of attention.
Therefore, the session for each user was split in 2 slots, 10 sequences each slot (approx. 20
minutes). Between these slots, the participants had a short break (approx. 5 minutes) to
relax the eyes and possibly to have some small refreshments.

After collecting the data, the results obtained from both group were statistically evalu-
ated. Both datasets were tested using the T-test and the F-test for equality of means and
variances, respectively. We received following values: T-test: 𝑝 = 0.29, and F-test: 𝑝 = 0.98.
According to the statistics, both datasets have the same mean and variance and can be
further processed together. Amplitude TearsOfSteel1 2 3 4 5 1 2 3 4 512345 HAS scenarioMOS [−] Resolution4KHD

Fig. 3.1: MOS with corresponding confidence intervals of the proposed scenarios.

In Figures 3.1 MOS values vs. HAS scenarios for both HD and UHD resolution are
plotted. Based on these figures, we can make following statements:

• UHD/4K sequences were given higher scores,
• there is a noticeable difference between contents,
• the scenarios were evaluated similarly in both contents,
• HAS scenario nr. 2 was given the worst score.
The explanations are as follows: For encoding HD sequences, we used the same settings of

the encoder as in the case of UHD, above all, the CTU size was set as 64×64. As the content
was presented using a 4K capable TV set, a pre-processing (up-scaling) prior to display had
to be performed by the device in order to present content with smaller resolution than the
native resolution. In this way the possible coding artifacts were also up-scaled, hence, the
blocking structure seemed more disturbing to the viewer. Other explanation is, that the
viewers unknowingly compared the sequences with each other and therefore a HD sequence
was evaluated with lower score.

We can also observe a significant difference between contents. This is mainly caused by
the fact, that the sequence Amplitude was not available in RAW uncompressed format. This
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CHAPTER 3. ENCODING RELATED FACTORS

sequence was already compressed prior to our encoding using VP9 at the bit rate value of
approximately 54 Mbps. Although such a bit rate value is enough for encoding UHD, some
impairments in the source sequence were perceptible also by non-expert viewers.

The results also show, that the HAS scenarios were evaluated similarly when comparing
corresponding scenarios and contents/resolution. When evaluating the HAS scenarios, other
important fact has to be mentioned. The users were mainly influenced by the end of the
video sequence. However, if there is a rapid quality drop-down, the quality will be evaluated
as bad, even if the very end of the sequence was of high quality (cf. scenario 2).

3.2 HEVC vs AVC in Online Video Streaming
As we previously stated, HEVC is meant to replace AVC as a standard coding algorithm
in video delivery services in near future. The issues for deploying HEVC are of two types:
technical issues and user-centered questions. The question of technical issues, mainly the
higher computational demands, will solve easily with the evolution of computing. On the
other hand, the issues involving the final recipient of the video content are much harder to
deal with. The main question can be formulated as follows: Can the user see a difference
between videos encoded by either encoding algorithm?

To help in answering this question, the following experiment was designed [15]: A crowd-
sourcing platform is used to gather opinions of the users, who are watching short video
sequences encoded using both AVC and HEVC.

3.2.1 Dataset
For purposes of subjective quality evaluation a dataset of encoded sequences was created. We
used 5 source sequences, 3 of them were taken from video databases, the other 2 were real life
sequences. The database sequences (Basket, Bunny and Leopard) were downloaded from the
Consumer Digital Video Library and were previously used by National Telecommunications
& Information Administration (NTIA) or Video Quality Experts Group (VQEG) in their
HD video quality studies. Sequences Peaky and Wacken were acquired from a high-quality
blu-ray disc. The sequences cover the majority of the contents that users usually watch
online.

All source video sequences were available in 1080p resolution at 25 frames per second, the
length of the sequences was adjusted to 10 seconds. As the purpose of this study is to compare
the perceived video quality of both H.264/AVC and H.265/HEVC using crowdsourcing, we
had to deal with the problem, how to play the HEVC coded sequences on the computers of
the participants. As there was no simple browser-based solution for playing HEVC video at
the time of conducting the experiment, we compressed HEVC sequences again with H.264.
Because of this fact, we had to use lower resolution of the sequences used in the study. Our
testing showed, that to get acceptable file size after the H.265→H.264 re-encoding, we can
use standard resolution (576p) only. Therefore, the source video sequences were downscaled
to meet this requirement.

10



CHAPTER 3. ENCODING RELATED FACTORS

3.2.2 Encoding
All sequences were encoded according to the H.264 and H.265 video coding standards. For
encoding to H.264 and H.265 we used the x264 [16] and x265 [5] implementations, respec-
tively. Both encoders were set to medium presets to use their most common features.

All source video sequences were encoded to 5 quality levels. These levels were determined
by target bit rate only and the selected values were {500, 800, 1000, 2000 and 3000} kbps.
This range of bit rates is commonly used on the Internet for video streaming of Standard
Definition video. Tab. 3.1 shows the resulting file sizes for the basket sequence in different
bit rates for both encoders. Together, our database consisted of 50 processed video sequences
(5×source sequences, 2×encoders and 5×quality levels).

As already mentioned in the previous subsection, the H.265 coded sequences had to be
re-encoded to H.264. This re-encoding was performed while preserving the same quality as
with the original HEVC sequences. Therefore, we used the x264 encoder with quantization
parameter QP 1. Using lossless compression was not possible due to the very limited support
of the majority of web browsers. The re-encoded sequences had the average PSNR above 60
dB (compared with the original HEVC sequences), thus, the influence of the re-encoding was
minimal and can be neglected. However, the file sizes of the re-encoded sequences increased
drastically as can be seen in the last column of Tab. 3.1.

Tab. 3.1: File sizes in KBytes for sequence Basket

bit rate [kbps] x264 x265 x265-reencoded
500 625 598 40,610
800 1,000 953 42,812
1000 1,246 1,188 43,853
2000 2,465 2,362 47,919
3000 3,674 3,541 50,733

3.2.3 Framework
An online test framework similar to [17] was implemented, such that each participant watched
five videos with different content each, and rated the quality afterwards. To avoid network
influences during the playback, all videos were downloaded to the local browser cache before
the playback. The framework followed the best practices described in [18, 19], and included
monitoring of test execution and reliability checks. To be considered reliable, a user first
had to read the test instructions, which also explained a game-like monitor quality pre-
test. Then, the user had to watch all videos in their full lengths and answer simple content
questions correctly. Finally, the test included also personal questions, which were presented
twice, at the beginning and at the end of the test, to check the consistency of the answers.
If the test was not executed properly, the ratings of the corresponding users were marked as
unreliable by the framework and were filtered out later.

To focus the test users’ attention on the videos, during playback a simplistic web page was
shown, which was totally gray and only contained the video player. For each video content,
a condition was selected randomly, but following a water filling algorithm until 11 reliable
ratings for each condition were available. After that, an adaptive test design was used to
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CHAPTER 3. ENCODING RELATED FACTORS

obtain a mean opinion score with small confidence intervals. This means, the conditions were
selected with a probability proportional to the current size of the 95% confidence interval of
the mean of the ratings. The principles of such an adaptive approach and its consequences
can be further found in [20].

The study was available as a micro job on the crowdsourcing platform Microworkers.
Every user could participate and was rewarded with 0.30$ upon completion of the test.

As each user watched 5 sequences, a high number of participants was envisaged (~1,000
users) in order to get statistical significant results for each encoded sequence. In order to
get enough usable data, the campaign was online for one month, divided in three distinct
parts. As we did not plan to use any crowd limitations or any user list, each user (identified
by his unique Microworkers id) could in principle participate in the study up to three times.
Altogether, the test was completed 903 times by 486 unique users from 65 different countries,
most of them originating from Bangladesh (97), Belgium (76), Serbia (44), and Romania
(42). Following the strict consistency checks of the framework, we observe a consistency
rate of 47.29%, which means that the participants did not conduct the study properly in
slightly more than half of the tests. The scores gathered from these users were not used
in the further processing of the data. Our monitoring also indicated that some users also
experienced stops during playback of the sequences (for both H.264 and H.265 encoded
sequences), which were probably caused by playback problems in the browser. We conducted
an analysis of variance (ANOVA), which showed that there is a significant difference between
the ratings for disturbed sequences (sequences with stops during playout) and undisturbed
sequences. Therefore, the ratings for these disturbed sequences were also omitted from the
final evaluation of the data. After filtering out unreliable users and ratings from disturbed
sequences, we had together 1398 scores, which correspond to 27 scores per encoded sequence
on average.

3.2.4 Sequence selection approach
The subjective assessment implemented an adaptive test design with the goal of minimizing
the size of 95% confidence intervals of the Mean Opinion Scores (MOS). To this end, the
ratings counts per clip were adapted throughout the experiment. Figure 3.2 visualizes the
adaptive nature of the test design, i.e., it shows how the adaptation of the sequence selection
influenced the number of ratings, in this case, for the basket content and H.265 codec. The
total number of the participants (step size 50 participants) is shown on the horizontal axis,
the vertical axis shows the size of the 95% confidence interval, and the numbers above the
bars correspond to the number of the ratings for the particular condition. For example,
after 100 users participated in the study, the 500 kbps condition (light blue) was rated three
times and the size of the confidence interval was around 3, which is very high. In order to
decrease the size of the confidence interval, the condition was given a higher probability of
appearance, which resulted in eight additional ratings from the group of next 50 users. It
can be seen that conditions with smaller confidence intervals, like 800 kbps (dark blue) and
3000 kbps (light green), received only one rating during this period. As the study continued,
our approach was able to reduce the sizes of the confidence intervals for all tested conditions.
For the visualized conditions, the lengths of the confidence intervals decrease below 0.5 after
400 participants have provided their scores. The main advantage of the adaptive approach
is, that we can achieve equal lengths of the confidence intervals for all the conditions.
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CHAPTER 3. ENCODING RELATED FACTORS

3.2.5 Results
Figure 3.3 shows the results of the subjective crowdsourcing study. The horizontal axis
depicts the sequences grouped by content and ordered by bit rate. Light blue bars represent
H.264 clips and dark blue bars indicate H.265 clips. The MOS, i.e., the average rating of
all participants, is plotted on the vertical axis including the 95% confidence intervals of the
population mean.

Taking a look at the MOS ratings in Figure 3.3, we see an increase of the MOS for each
content and codec, when the bit rate increases. The only exception can be seen with the
basket sequence encoded using H.265 for bit rates 2Mbps and 3Mbps, however, the confidence
intervals of the corresponding MOS values overlap. The influence of bit rate is significant
with 𝑝 value of 0.0101 for a t-test on all ratings. However, the Big Buck Bunny clip, which
is an animated cartoon clip, reaches high ratings almost regardless of the bit rate. This
is due to the fact that usually higher compression ratios can be achieved when processing
cartoon-like content with preserving good visual quality. A similar observation holds for the
Peaky Blinders clip and its rather dark images. In contrast, a clear differentiation of the bit
rates can be observed for the Basket and the Wacken clips, which feature fast motion and
sharp contrasts, respectively. The different perception of different contents can be validated
by a t-test on the subjective ratings, which gives a 𝑝 value of 0.0002.

When looking at the difference between H.264 and H.265 codecs, also a less clear result
can be inferred. Although most H.265 clips reach a higher MOS than their H.264 counter-
parts (three sequences show reversed results), the confidence intervals nearly always overlap.
This means that we cannot immediately see if the results for the two codecs are significantly
different. Therefore, we again conduct a t-test to compare the two codecs. The 𝑝 value is
0.0782, and thus, cannot be considered significant for a typical confidence level of 5%. This
means, that H.265 achieves only a slight visual improvement over H.264, which is not valued
by the end users. This is in accordance with results in [21], where the authors were not
able to tell clearly benefits of HEVC for mobile environments with lower resolutions. As our
study settings are already covered by H.264, the quality improvements introduced by H.265
are therefore smaller as for other scenarios. Additionally, the small SD resolution of the test
videos could make it difficult for the users to see the differences in the visual quality. Thus,
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Fig. 3.2: Visualization of adaptive sequence selection for basket H.265 clips.
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Fig. 3.3: MOS and 95% confidence intervals of subjective assessments.

it might be beneficial to broaden the scope of the study with sequences with different bit
rates and resolutions.

In general, in this simulated typical use case, H.265 achieved only a slight visual improve-
ment over H.264, which is not valued by the end users. However, as the study was limited
to SD resolution only due to the use of crowdsourcing environment, the results may differ
for higher resolutions. On the other hand, even for SD resolution a difference of subjectively
measured quality can be seen, therefore using H.265 can bring bit rate savings with pre-
serving similar quality compared to H.264. A remaining issue hindering immediate practical
application is the lack of support of H.265 by current browsers, which should evolve soon to
benefit from the streaming of H.265 videos.

3.3 Adaptive Video Encoding
As the characteristics (e.g. spatial activity or temporal activity) of different video contents
vary enormously, there can not be created a simple encoding scenario to fit them all. For
example, an action movie contains usually a bigger amount of scene cuts than a historical
documentary. Such a vivid spatial activity has large influence on the bandwidth needed
to transfer the content to the final recipient with preserving acceptable visual experience.
An adaptive approach to video encoding may bring not only bandwidth saving for less
demanding contents, but can also result in higher user happiness with the service.

3.3.1 Study description
In our experiment, four different video contents were used for encoding. These contents were
acquired from a high quality Blu-ray source and represent the most common movie genres
(Action, Cartoon, Drama and Musical). The Action content was a combination of live action
movie with computer-generated imagery (CGI), Drama content was a pure live action film,
Cartoon content was created using CGI only and, finally, Musical content was a recording
of a stage play. As our intention is to simulate the real life situation, we use the complete
movies. The duration varied from approximately 90 minutes in the case of the Cartoon up
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CHAPTER 3. ENCODING RELATED FACTORS

Tab. 3.2: Description of proposed GOP creation scenarios.

Mode GOP length Duration [s]
1

fixed
48 2

2 120 5
3 168 7
4 adaptive 24–168 1–7

to 150 minutes for Musical. The movie contents were used for encoding purposes and only
the data created during the encoding process were further analyzed and hence the decoded
video contents were not used for any screening purposes afterwards.

3.3.2 Encoding
The video content was encoded compliant to currently widely used Advanced Video Coding,
[22] and its successor High Efficiency Video Coding, [2]. AVC and HEVC include JM[23]
and HM[3] reference encoder implementations, respectively. In this experiment, however,
we used the x264[16] and x265[5] implementations in order to create the encoded video
files. Compared to the reference implementations, x264 and x265 bring better encoding
speed and wide variety of settings at the cost of slightly lower visual quality, [24, 4]. In
the proposed experiment, only the video data were considered and hence, no audio track
was used. Furthermore, in a typical DASH scenario, the video content is encoded at several
target quality levels (bit rate levels). As we want to analyze the properties of the segments
only, we use only one quality representation for each content and codec.

As the ratio of the quality and bit rate needed to encode the sequence is highly dependent
on the video content, we did not use any fixed bit rate values. Instead of that, Constant
Rate Factor (CRF) was used to produce the video content with comparable visual quality
and the specific bit rate values to encode the source sequences were decided by the encoders.
Based on a short pre-test, the value CRF = 30 was used to offer transparent visual quality.
Furthermore, each video content was encoded using several lengths of the Group of Pictures
(GOP), which corresponds to the distance between two consecutive intra-coded frames. The
value of GOP length is defined in the number of frames and the proposed scenarios used
were as described in Table 3.2.

We propose 4 GOP creation methods in total, 3 of which assume fixed lengths of 48, 120
and 168 frames. This corresponds to 2 s, 5 s and 7 s for our case of videos with 24 frames
per second. These values were chosen based on the typical segment lengths in currently used
HAS implementations.

In addition, one special case was an adaptive mode of GOP creation with variable length
of GOP based on the scene change in the video. Such an approach may lead to bit rate savings
as the prediction used to encode the video frames can be more efficient [25]. In this scenario,
the GOP length was allowed to be in range from 24 frames to 168 frames corresponding
to 1-7 seconds. The decision if the specific frame belongs to currently encoded scene or
is a part of the next scene was based on the computation of Sum of Absolute Transform
Differences (SATD) directly by the encoder(s). SATD is a method used by common video
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Fig. 3.4: Bitrate parameters.

encoders to offer decision performance comparable to rate-distortion optimization at much
lower computational requirements, [26].

The GOP length was then parsed as a parameter directly to the encoder with the syntax
as below, where X represent the desired value.

key int=X: min−key int=X: scenecut=0

The scenecut parameter tells the encoder not to consider any scene changes in the se-
quence and to create the GOP based on the number of frames only with one starting I frame
followed by P and B frames. In the case of the variable GOP length, the syntax slightly
changed as shown below:

key int=Y: min−key int=X: scenecut=50

In this case, the length of the GOP is based on the scene changes and is in range {X, Y}.
The scenecut value represents then the weights for decision that a frame will be encoded as
an I frame. For this study, the GOP length in the case of scene change based adaptation was
in range {24, 168} frames, which corresponds to 1 s and 7 s, respectively. After encoding,
we had altogether 32 processed video sequences (PVS) for further analysis (4 video contents,
4 different GOP settings and 2 video codecs).

Figure 3.4a shows the bit rate values used by the encoders. On the horizontal axis, the
different lengths of GOP are shown. The adaptive setting of GOP creation is denoted as
adapt.. The values are grouped by the content and the colors of the bars represent AVC
and HEVC, respectively. Several findings can be seen. Firstly, HEVC needed approximately
50% of the bit rate as compared with AVC. This is in accordance with [1]. However, for
this study, a more interesting result can be seen. The bit rate is dependent on the GOP
length and is usually lower for longer GOPs. This is more clearly illustrated in Figure 3.4b.
This plot shows the bit rate savings compared to GOP length of 48 frames (2 s)1. It can be
seen, that based on the content, the bit rate savings for longer GOP lengths can reach up

1We use the case of 2 s long segments as a ground truth as this segment length is supported by majority
of the implementations
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Fig. 3.5: PSNR values

to 11%. Based on this, video sequences encoded using longer GOP lengths might be more
appropriate for use in an HAS service in case lower bit rate values are desired.

However, in real situations, the visual quality of the video content plays an important role,
rather than the encoding bit rate. Therefore, during the encoding process, we also computed
the Peak Signal to Noise Ratio (PSNR) of the processed video sequences. The PSNR is only
a simple metric computed based on per pixel differences between the original and processed
image but offers a basic insight in the visual quality, [27]. As we used the PSNR only to
compare the quality among video sequences with the same content and the same video codec,
we did not use any other more sophisticated video quality metric, as the PSNR has been
proven to offer reliable performance in such scenarios, [28]. Furthermore, as we used the
whole video sequences with up to 200,000 frames, computing any more sophisticated metric
would be unnecessarily demanding on both computation power and time.

Figure 3.5a shows the mean value of the per-frame computed PSNR of the luminance
component for the used contents and respective GOP lengths. From the first look it can be
seen, that the quality varies based on the video content but is in range {40, 43} dB. These
values correspond to the video quality rated as good by the consumers and a non-expert
viewer is usually not able to tell the difference between the original and the processed image.
The situation can be seen more clearly in Figure 3.5b. Here, the bars represent the difference
of the mean PSNR compared to case with GOP length of 48 frames. From the first view the
mean PSNR is usually lower for all the other GOP settings. However, the absolute value of
the difference is 0.2 dB on average, which is practically imperceptible. Although there can
be both highly distorted frames and frames without any degradation of the quality in the
whole sequence, we use the mean as the pooling method, as it offers good correlation with
subjective scores, [29]. Moreover, when we analyzed the per-frame difference of the PSNR,
in approximately 98% of the frames the difference has not exceeded 1 dB. Based on that,
there is not any perceivable degradation in the visual quality.

3.3.3 Segmentation
Tested video sequences were further processed to create files usable in DASH. In order to
do so, the video data had to be split into segments and an MPD file had to be created. For
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this purpose, we used the mp4box tool available in the GPAC package [30]. This tool offers
manipulation with the MP4 multimedia container as well as creation of content complying
to DASH standard. The segments were created in order to follow the GOP lengths used for
encoding the video content, hence the lengths of the segments corresponded to 2 s, 5 s and
7 s. Again, the special case of variable GOP length was used. In this scenario, the length of
the segments was adjusted to follow the position of I frames in the video sequence. Hence,
the length of the segments varied over the duration of the sequence as well, as described in
previous Section.

Dividing the video content into segments brings additional overhead which is necessary
for correct performance of DASH system. This overhead is increasing with a higher number
of segments. Figure 3.6a displays the relative size overhead of a DASH ready video content
compared to the raw encoded video content (.264 and .hevc files without any multimedia
container). The color of the bars represents different codecs again, and the vertical axis
depicts the relative size overhead in percent. It can be seen, that in our experiment, the
value of relative overhead is in the range of {0.1,0.6} %. The overhead is slightly lower for
longer segment durations. The highest value can be seen for the Musical content, which is
caused by its highest total number of segments (overall duration approximately 152 minutes).
Data used to plot this figure come from an analysis of the segment sizes. The only exception
is the case of adaptive GOP length and HEVC codec. For this combination, the mp4box
tool was not able to correctly create the segments to start with an I frame and the data
used to plot corresponding bars are an estimation based on numbers of I frames and average
overhead per one segment.

Similarly, in Figure 3.6b, the absolute overhead expressed in megabytes is depicted.
Again, the value for adaptive GOP length with HEVC codec is only an estimate. It can be
seen, that average overhead for a DASH ready video content is approximately 2 MB. This is
slightly lower in the case of all AVC encoded video segments. However, the total overhead
plays only a minor role in the final performance of an HAS service. For a smooth playback,
the question of absolute size of the segments is more crucial.

The plot in Figure 3.7 shows the variation of the size of the segments over time. The
vertical axis is common for all the subplots and depicts the segment size in megabytes while
the horizontal axis is separate for each subplot and represents the duration of the sequence
in minutes. Furthermore, the light green line and dark green line show the mean value of
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the segment size for AVC and HEVC encoded sequences, respectively. This plot is merely
intended to show the variation of the segment size during the play back time and not the
absolute value for specific segment duration, hence, only the data for the 2 s long segments
were used (scenario 1), as the shape of the respective plots would be similar in case of the
rest of the scenarios.

Several outcomes can be seen. Although the duration of each of the segments in time is set
as constant for all the cases, the size of the segments is highly dependent on the exact position
of the segment in the video sequence, and, of course, on the content. Based on that, we can
also see, that the contents used have different characteristics and hence represent contents
with various temporal properties. Where for the content denoted as Drama the segment
size varies only moderately (with one exception), for the Action and Cartoon contents, the
changes of the absolute segment size are more frequent. As the variations of the segment
size can highly influence the buffer occupancy, and hence, the overall experience of a user
with an HAS based service, further analysis was performed.

In Figure 3.8, the Cumulative Distribution Function (CDF) of the segment sizes is de-
picted. The data are grouped by content and codec, the different colors then represent the
specific GOP lengths (∼ segment duration). The horizontal axis shows the segment size and
finally, the vertical axis presents the CDF, here in a form of percentage of the number of
the segments. The data to plot the lines corresponding to case of adaptive segment length
and HEVC codec is, again, an estimate based on the sizes of frames in the GOPs as direct
segmentation using the mp4box tool was not feasible.

From the plots, we can see several results. As expected, in the case of the 2 s long
segments, the segments have the lowest size. Surprisingly, the case of the adaptive segment
duration shows similar behavior until the mean value of the segment size is reached. It can
be also seen, that in the adaptive mode, the segment sizes are lower for the majority of the
segments compared to 5 s and 7 s modes.

However, for a smooth playback, the absolute size of the segments is not the most crucial
aspect. The most important is the ratio of segment size to duration of the segment. We call
this ratio "Segment bit rate" and it can be defined as in Equation (3.1).

𝐵𝑠𝑒𝑔 = 𝑆𝑒𝑔𝑚𝑒𝑛𝑡 𝑠𝑖𝑧𝑒 [𝐾𝑏]
𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 [𝑠] (3.1)

The segment bit rate represents the minimal throughput of the connection of the user
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Fig. 3.9: Peak values of the segment bit rate.

to ensure smooth playback with constant buffer size. In Figure 3.9, the maximal segment
bit rate is shown. The horizontal axis represents the specific GOP lengths (corresponding
to segment lengths) while on the vertical axis, the ratio of the peak bit rate value to cor-
responding encoding bit rate value is depicted. It can be seen, that the maximal value can
reach up to 9times the encoding bit rate. However, segments with such high segment bit rate
represent only a small percentage of all segments. The results of further analysis showed,
that in majority of the cases (from 87% up to 98% segments), the segment bit rate reaches
no more than two times the encoding bit rate. However, using longer GOP lengths resulted
in slightly better performance.

In a HAS based service, the buffering algorithm plays also an important role. Correct
buffering assures a smooth and undisturbed playback and prevents stalling events. There
are many buffering algorithms, however, this a very sophisticated issue and is beyond the
scope of this experiment.
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3.3.4 Conclusion
Although shorter segments (2 s) bring better performance regarding the low segment size
and the variability of the segment size, longer segments offer up to 11% saving in the bit
rate needed to encode the video content. A specific case of variable GOP length was also
studied. This mode offers quality comparable to other modes while preserving the benefits
of significant bit rate savings compared to shorter segments. Furthermore, in this case, the
variability of the segment size was lower compared to longer segments. Further research
can be carried in influence of the peak segment size on the buffering of the segments and
corresponding smoothness of the playback. The analysis of performance of video codecs
confirmed, that according to [1], HEVC can bring bit rate savings up to 50%, however, with
slightly increased overhead when used in DASH.

4 FACTORS BEYOND ENCODING
As we already mentioned in Chapter 3, the subjective perception of the quality of a service as
a whole is described by the concept of Quality of Experience (QoE) [31]. It has become the
main focus of network and service providers, who strive to deliver the best service possible to
end users in order to increase customer satisfaction and decrease the churn rate. Extensive
subjective studies have been conducted for different Internet services, such as video streaming
(e.g., [32, 33]) or other web services (e.g., [34, 35]). However, these QoE studies mainly focus
on system factors, i.e., the technically produced quality of an application or service [36]. For
example, for HTTP adaptive video streaming (HAS), these include video encoding, initial
delay, stalling, and adaptation, and their impact was well investigated in many studies [32].

Next to system factors, also human and context factors may have an influence on QoE
[31], but they have not been in the focus of research yet. The reason to postpone the
investigation of human factors might be that large longitudinal studies and psychological
pre-tests are required to determine the impact of predisposition, parenting, education, social
role, constitution, or emotional state. In contrast, current QoE studies target a large user
diversity, e.g., by crowdsourcing [37], to reach meaningful mean opinion scores (MOS) for
test conditions, thereby ignoring the human influence factors of individuals. Additionally,
context factors, which describe the users’ environment, may impact the QoE. While again,
the influence of physical, temporal, or social context factors can hardly be evaluated with
the current subjective QoE study design, first studies have considered the economic [38] and
task context [39] of QoE. Finally, the technical context factors, which describe technical
interactions with the system of interest have to be considered. These include, for example,
device characteristics, service presentation, user interfaces, or coexistent services.

In this Chapter, we investigate the impact of technical context factors for video streaming
as published in [15, 40]. As video streaming is mostly consumed from video portals, i.e., from
web pages, the focus is on technical context factors related to the web page, which embeds
the video player. Therefore, a crowdsourced study on the impact of encoding bit rate on the
QoE of H.264 videos was conducted, which included an implicit study of the context factors.
While the actual QoE results for the video quality are of minor importance, the impact of
the technical context factors on the QoE will be evaluated.
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4.1 Study Description
A crowdsourcing study was conducted similar to [20], in which the users had to rate the
quality of H.264 video sequences having three different bit rates (500 kbps, 1000 kbps, and
2000 kbps). Three source sequences were used, namely, 10 s long clips from a rock concert,
a basketball match, and a leopard documentary, which cover wide variety of characteristics.
All source video sequences were available in 1080p resolution at 25 frames per second. The
source video sequences were downscaled to standard resolution (576p) to meet the possibly
low Internet connections of the crowd workers and were encoded using the x264 [16] encoder
implementation.

The online test framework of [20] was used, which adheres to the best practices described
in [37] including monitoring of test execution and automated reliability checks. The par-
ticipants had to access the test framework, read the task description, complete a pre-test,
and answer a short demographic questionnaire. In the meantime, the required videos were
downloaded to the local browser cache to avoid network induced perturbations, such as ini-
tial delay or stalling, during the playback. Then, the framework introduced the next video
clip. It ensured that the clip was in the local cache before the user could proceed to the video
web page, which contained only the video player on a gray background. After clicking the
video player, the playback started, and the user was redirected to submit the quality ratings
on a 5-point ACR scale after the playback ended. This process was repeated for all three
clips. Finally, the user had to answer some more personal questions, before the task was
finished and he was given his payment code. The reliability of users was checked according
to the clicking behavior during a pre-test, which indicated if users read the instructions or
not. Moreover, consistency questions, content questions, and the monitored task execution,
i.e., whether users watched all videos in their full lengths, were used to check the reliability.
Ratings of unreliable users were filtered out before the result evaluation. Additionally, rat-
ings were excluded if technical problems with the test framework occurred, such as stalling
of the video playback.

The baseline QoE for the three video clips and the three bit rates was obtained from
the study conducted in [20]. It featured a plain video web page without any added con-
text factors. From September 2016 to January 2017, for each investigated context factor,
the web page, which embeds the video player, was unknowingly modified, and a separate
campaign was submitted for each investigated context factor on the crowdsourcing platform
Microworkers. Note that only one context factor was modified per campaign. The workers,
which were unaware of the technical context factors, were instructed to watch and rate three
differently encoded video clips, and were rewarded with 0.20$ after the completion of the
test. On average, 12 reliable ratings per condition, i.e., a variation of video content, video
bit rate, and the investigated independent variable, were gathered.

4.1.1 Page Load Time
The QoE of web browsing is significantly influenced by the page load time [41]. The idea of
this study is to investigate if the page load time of the video page influences the perceived
quality of the video streaming. Therefore, a delayed page loading was implemented. When
the user progressed to the video web page, the display of the video player was hidden and
a spinning load indicator (transparent animated gif), similar to the stalling animation of
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YouTube, was shown. After a random delay of either 500 ms, 2000 ms, or 4000 ms, the video
player was displayed, and the video playback could be started. After the playback, the users
were asked to rate the quality of the video clip. 352 users participated in this campaign.
After the filtering, the ratings of 174 users were used for the evaluation.

In case of this study, for which the video web page contained only the video player,
the delayed page loading closely resembles the initial delay of video streaming. The only
difference is whether the delay happens before or after the user clicks the player. Therefore,
the analysis of the impact of page load time was complemented by a study on the impact of
initial delay on QoE. It was implemented such that the player was displayed immediately on
the video page, but after the user clicked to start the playback of the video, an initial delay
was simulated by pausing the video and displaying the spinning loading animation. After
a random initial delay of either 500 ms, 2000 ms, or 4000 ms, the playback continued. 332
users participated in this campaign in total, 162 of them were considered reliable.

4.1.2 Poster Image Quality
When a user accesses a video web page, he spots the video player, which typically displays
a frame of the video and an overlay with a play symbol. The displayed frame of the video
player is called the poster image. It provides users a first impression of the video and also
its quality. Therefore, its quality might anchor the user to expect a certain video quality,
which will influence his QoE. For example, if the poster image has a low quality with many
artifacts, but the actual playback has a high visual quality, the user could be positively
surprised, and vice versa. Although the poster image can be specified in the HTML5 video
element, in this study, the poster image of the video clips was modified by adding overlay
images in front of the video player. If the overlay image is clicked, it is removed from the
web page and the video playback is started at the same time. For each video clip, the same
frame was extracted from the 500 kbps, 1000 kbps, and 2000 kbps versions of the clip to be
used as poster images. The test conditions were constructed by selecting randomly one of
the three poster images and one of the three video bit rates for each clip. 153 out of 332
participants were considered reliable in this campaign.

4.1.3 Advertisement Banners
The most popular video portals offer video streaming free of charge. However, advertisements
are included in the web page to finance the service provision. The presence of advertisements
on the video web page before and during the playback can distract the user’s attention or
even annoy the user, and thus, influence the QoE of the streamed video. In this study, a
single advertisement banner was added to the plain video web page. The banner consisted of
either one or three ads. In case of one ad, either a static image or an animated gif was used.
The animated ads showed oscillations between images and flickering. In case of three ads,
either zero, one, or two ads were animated gifs, the remaining ads were static images. Thus,
in total five advertisement conditions were investigated, which were randomly assigned to
the users. Note that the advertisement condition was constant for the whole task, i.e., for all
three videos. However, the content of the ads was randomly chosen from a pool of ten static
and ten animated images. A sample inspection before the study ensured that the banner
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Fig. 4.1: Impact of delay on MOS.

was not removed by widely used ad blocking browser plugins. In this campaign, 377 workers
participated. The ratings of 161 users could be evaluated.

4.2 Results
In the following, the results of presented crowdsourcing QoE studies are described, and the
impact of the web page related context factors is investigated.

4.2.1 Page Load Time
In the case of the page load time study, two different types of delay were investigated. In
Figure 4.1a the MOS scores along with the 95% confidence intervals are plotted for different
player delays. The data are grouped by video content and different colors represent different
delay values. The data for the baseline condition without delay were taken from the study
in [20]. From the first look, there is not any observable difference in the gathered ratings,
as the confidence intervals overlap. Therefore, we ran an analysis of variance (ANOVA)
to verify this assumption. The p-value of 0.634 confirms this statement. Furthermore, the
behavior of the participants during the delay was monitored. Among all gathered data, the
reliable participants switched to another tab during the delay in 11 cases (about 3% of all
ratings). The average value of the time spent in different browser tab is 7 s, the median is
4 s, and we did not observe any correlation between the delay value and the time spent in
other browser tab.

Results gathered from the study focusing on initial delay are presented in Figure 4.1b.
Again, the colors distinguish different delay values, however, in this case, this delay was
introduced after the viewer clicked the player button. Together, we gathered 387 reliable
ratings, which corresponds to approx. 14 ratings per condition on average. However, the
widths of the confidence intervals do not allow for making a clear conclusion. The p-value
from ANOVA was 0.131, therefore, the impact of the initial delay on MOS is not significant.
In the case of initial delay, only 5 users switched to another browser tab during the simulation.
With one exception, this occurred only with the delay of 4 s. Therefore, the bigger values of
initial delay encouraged the users to switch from the task. However, when such a behavior
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was monitored, the user was shown a warning with a request to properly focus on the video
after they started the playback with their click, hence, none of the users switched to another
tab more than once. If we try to compare both types of delay, there is not any observable
difference, as the p-value was 0.341. This suggests that there is not any difference between
the two types of delay from the perspective of MOS as evaluated by the users.

4.3 Advertisement Clips
Most video portals generate revenue from displaying advertisements (ads) on the video web
site. This started with advertisement banners, i.e., static or animated images with advertise-
ment content, and nowadays also includes advertisement video clips. Thus, advertisements
coexist and can influence the perceived Quality of Experience of the video service. After find-
ing that the ad load itself can have a significant impact on how long a user consumes video
services and whether they return for more, several video service providers still experiment
with the ad load [42, 43].

In this Section, we investigate deeper the context factor advertisements and its impact
on video QoE. Therefore, the data gathered from two crowdsourced studies conducted on
the impact of the encoding bit rate on the QoE of H.264 videos, which included implicit
test conditions for advertisements, has been analyzed. The first study displayed different
advertisement banners on the video page and results of this study were already published as
a part of our previous experiment described in previous Section. The second study builds
on the previous study by incorporating pre-roll and mid-roll advertisement clips in the video
quality test. Note that post-roll advertisement clips were omitted from this study, as they
are less relevant when users browse videos and do not watch clips until the end [44].

4.3.1 Study Description
New crowdsourcing study was conducted similar to [20, 45, 15], in which the users had to
rate the QoE of three different H.264 video sequences with randomly selected quality level,
i.e., high, medium, or low visual quality. Note that the explicit task of the users was to
rate the QoE of the video sequences and they were unaware that the test conditions were
actually related to advertisements.

The test sequences were prepared, such that the quality levels could be easily distin-
guished. Each video content was encoded with three different bit rates to produce video
sequences at comparable video qualities. As the specific bit rate values were dependent on
the content, the bit rate levels are further denoted as high (H), medium (M) and low (L).
Both objectively measured quality using PSNR and a screening with expert viewers showed
that the different quality levels are easy to distinguish. For this experiment, the sequences
were encoded using the x264 [16] implementation of the H.264 video coding standard. The
resolution of sequences was adjusted to 720p. Furthermore, test sequences used for the
advertisement clips study contained an audio track. The quality and volume of the audio
track was constant for all the test sequences (including advertisement clips) in order not to
possibly influence the QoE.

Again, the study used the reliable online test framework of [20], which adheres to the
best practices for crowdsourced QoE studies [37] including monitoring of test execution
and automated consistency checks. Workers were recruited on the crowdsourcing platform
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microworkers.com. After the participants accessed the test framework, they had to read the
task description, complete the display and audio pre-tests, and answer a short demographic
questionnaire. The users were instructed to focus on the quality of the video sequences and
did not receive any prior knowledge of the presence of the advertisement. In the meantime,
the required clips were downloaded to the local browser cache to avoid network induced
degradations during the video playback. When all video clips were in the local cache, the
user proceeded to a web page, which contained only the video player on a gray background,
to watch the first video clip. After the playback, the user had to answer questions related to
that test condition, including the quality rating on a 5-point absolute category rating (ACR)
scale. This process was repeated for all three clips, which were scheduled in randomized order.
Finally, the user had to answer several more personal and consistency questions, including
questions if he/she noticed any advertisement and the number of the advertisement clips
played, before he/she received the payment code.

Due to the unsupervised nature of crowdsourced QoE studies, unreliable users had to be
filtered out by checking the consistency of their participation in the subjective QoE study.
First of all, the clicking behavior during the pre-tests indicated if users read and followed the
instructions or not. Moreover, consistency questions and content questions were compared
to the correct answers, and it was checked whether users watched all videos in their full
lengths. If a user was considered unreliable based on these checks, the corresponding ratings
were filtered out before the result evaluation. Additionally, ratings were excluded if technical
problems with the test framework occurred, such as stalling of the video playback.

Advertisement Banners

The impact of advertisement banners on the web page of a video portal was investigated
as part of the first video QoE study [45] and is already described in Section 4.1.3. Let us
just mention, that three source sequences were used, namely, 10 s long clips from a rock
concert, a basketball match, and a leopard documentary, which covered a wide variety of
characteristics.

Advertisement Clips

The second study investigated the impact of pre-roll and mid-roll advertisement clips on
video QoE. Post-roll advertisement clips were omitted, as the start and first parts of online
videos have a higher importance [44]. Three 30 s long content clips from a movie, a music
show, and a cartoon were used, which included one scene change in the middle of the clip.
The advertisement was either a 9 s (short) or 25 s (long) clip for tourism. These ad clips were
always shown in the highest quality, either before the content clip or during the content clip.
During the playback of the advertisement clip, an overlay label was shown in the bottom
left corner of the clip displaying “Advertisement” and a countdown of the ad duration. Note
that advertisement clips could not be skipped but they had to be watched completely. The
ad conditions were selected in addition to the quality level conditions, such that every user
watched one sequence with the short ad clip, one with the long ad clip, and one without an
ad clip in a randomized order. 625 workers participated in this study, and the ratings and
of 129 reliable users could be evaluated.
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4.3.2 QoE Impact of Advertisements
Having these opinions in mind, in the following, the actual QoE ratings of the users are
evaluated. First, the results of the study on advertisement banners are presented, and
afterwards the results of the study on advertisement clips. To be able to compare both
advertisement banners and advertisement clips conditions, we once again present the results
of the study described in [45], however, in a different form.

Advertisement Banners

Figure 4.2a shows the distributions of QoE ratings on a 5-point absolute category rating
(ACR) scale ranging from bad (red) to excellent (green). The three rows represent different
video qualities high (H), medium (M), and low (L), and the columns depict different video
contents (basket, leopard, wacken). In all nine subplots, the bars represent the different
advertisement-related test conditions. Each condition was rated on average by 17.50 reliable
users. It can be seen that the QoE ratings are significantly influenced by the content quality,
as lower video quality results in lower ratings on the ACR scale. This is confirmed by the
analysis of variance (ANOVA) of the results, which gives a p-value of 2 · 10−16.
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(a) Advertisement banners.
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(b) Advertisement clips.

Fig. 4.2: QoE for advertisement conditions

When comparing the different advertisement-related test conditions, the 95% confidence
intervals of the mean opinion scores (MOS) overlap. Also the ANOVA shows a p-value of
0.0546, which is not significant on the typical level of significance of 5%, and thus, confirms
that there is no effect of the test condition. This means that there is no impact of the presence
of advertisement banners on the video QoE. Furthermore, the results of the ANOVA showed
that there is not any statistically significant impact of any joint condition.

Considering only the impact of the different banners, i.e., only the conditions in which the
advertisement banner is present, gives a p-value of 0.672. Thus, the different compositions
of the advertisement banner with static and animated ads also do not significantly impact
the video QoE.
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Advertisement Clips

Figure 4.2b shows the QoE ratings of the study on advertisement clips. Again, the rows de-
pict different video qualities and columns represent different video contents. Each condition
having been rated on average by 7.67 reliable users. The influence of the video quality is
still obvious and can be confirmed by ANOVA giving a p-value of 10−16. When evaluating
the impact of the test conditions, i.e., the presence of different advertisement clips, there is
no direct impact on the QoE visible (p-value 0.692). If the ad clip conditions are analyzed
separately, there is not any significant impact again with p-values 0.550 and 0.342 for ad clip
length and ad clip position, respectively. Also a joint influence of content and test conditions
cannot be confirmed with a p-value of 0.0711.

Although the users did not have any prior knowledge of the presence of the advertisements
clips, the influence of its presence on the overall QoE can be seen. In Figure 4.3, all test
conditions with an ad clip (S/P, S/M, L/P, L/M) are combined into group “ad present”
(dark blue), while condition “none” is represented as group “no ad present” (light blue). The
plot shows a subplot for each content, and each plot depicts the MOS and 95% confidence
intervals for the different quality levels and the two groups. It can be seen that the 95%
confidence intervals still overlap, and the ad presence itself does not significantly influence
the MOS (p-value 0.280). However, it can be seen that the “movie” content always scores a
higher MOS in the presence of the advertisement clip. This suggests an impact of the joint
condition of content and ad presence, which is confirmed by the ANOVA with p-value 0.025.
Note that this peculiarity might be specific to this study.
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Fig. 4.3: MOS impact of presence of advertisement clip

To sum up, the analysis of the QoE ratings showed that the influence of advertisements
on the QoE is not trivial. Both the presence and composition of advertisements banners
did not show any significant impact on the users’ ratings. This can be explained by the
omnipresence of advertisement banners to which users have become accustomed. Also for
advertisement clips, at first sight, no impact could be detected considering advertisement
presence, position, or length. However, when analyzing the ratings in detail, an influence
of the joint condition of the presence of advertisements and the content of the actual video
was found. This resulted in a significantly higher MOS for one content, when ad clips were
shown.
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Nevertheless, all results together indicate that there is a complex interplay of advertise-
ments and QoE. Generally, the negative opinions of users, who considered advertisements
a QoE degradation could not be observed in immediate video QoE ratings. This suggests
that the perception of video quality and the perception of advertisements are processed dif-
ferently, and might orthogonally add up to form an overall QoE of the video service at a
later point in time, e.g., a negative impression might form after using a video service over a
longer period of time with frequent, repetitive advertisements.

5 ANALYSIS OF THE CROWDSOURCING STUDY
As we already mentioned in previous Chapters, for our experiments, we often used crowd-
sourcing for gathering the quality scores from the viewers. In this Chapter, we would like to
have a different look at the data gathered and deeper analyze the impact of the crowdsourc-
ing itself. While a similar analysis has been performed in [46, 47], this Chapter presents the
data gathered from all of our studies.

5.1 Data collection
For all our studies in [20, 15, 45, 40] we created a framework for presenting the test sequences
as well as for gathering the answers of the participants of the crowdsourcing studies. At the
beginning of the task, the participants were presented with information, what are they
expected to do and about the basics of video encoding. On the next page, the participants
were asked to answer several personal questions about themselves and also about the way
they watch video content online. Several of these questions were then also used at the end
of the sessions (after the participants watched the video sequences) to check, whether the
users answer the questions consistently to eliminate possible cheating.

5.2 Analysis of the gathered data
For this work, we set up and run several crowdsourcing campaigns. In total, we gathered
data from 4184 unique sessions. As each participant of every campaign was identified by
an unique ID from the Microworkers platform, we found out, that altogether, 1499 different
users joined the study. However, this does not necessarily mean, that 1499 unique people
participated, as there might have been cases, where a person had more than one Microworkers
account.

One of the information we gathered from the participants was their nationality. In total,
our participants selected 95 different countries. The situation can be clearly seen in detail
in Figure 5.1a.

The map shows the share of the countries on the number of the individual sessions.
We can see, that majority of the countries represented less then 0.5% each of the sessions,
while Bangladesh represented more than 15% (in fact, 26.22%). However, in a crowdsourc-
ing study, the absolute number of the participants is not the most important one. As the
participants provide their answers in an un-controlled environment, an a dditional filter-
ing of the data is necessary. We have implemented a consistency check to detect possible
cheating. After filtering, the number of the sessions we could further processed shrunk to
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Fig. 5.1: Participants population

1718 of the reliable participants, representing then approximately 41% of all the sessions.
We have also analyzed the consistency among the different countries. The situation can be
seen in Figure 5.1b. While the map itself remained the same, the colors now represent the
consistency rate. We can for example see, that the consistency rate for participants who
claimed to be from Bangladesh was less than the average, only 25%. The seemingly lower
overall success rates (consistency), however, is a typical issue of crowdsourcing and is usu-
ally compensated with higher number of the participants, compared to studies performed in
controlled environments.

Another interesting information is the age of the participants. From the answers, we
found out, that the average age of the participants was 29 years. This is in accordance with
the assumption, that younger user are more likely to participate in a crowdsourcing job.

5.3 Analysis of Users Feedback
Apart from the data we gathered while the participants performed the task, each user had a
possibility to leave his or her personal comment at the end of the session. In this Section, we
focus on the feedback of the participants only in order to obtain possible recommendations
for future experiments. For this experiment, we analyzed the data from 3,545 user sessions.

5.3.1 Users’ Comments
After the users completed the micro task in our crowdsourcing platform, they were given the
option to leave a comment or idea.
As leaving a comment was optional, only 633 comments in total were obtained, which rep-
resents approximately 18% of all user sessions. Each of the comments was then manually
processed and the comments were divided in 6 groups based on their content.

A) Audio issues - comments on missing audio track,
B) Funny comments - comments that could be interpreted as a joke,
C) Quality issues - comments on quality of specific video sequence or all sequences,
D) No comment - users did not leave the comment field blank but wrote NA or a similar

message instead,
E) Real comments - real and useful feedback.
F) Appreciation - comments like Thank you, Good job, I liked the job etc.,
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The majority of the commenting users left feedback representing the Appreciation group
(F). These comments unfortunately do not bring any useful feedback and much more repre-
sented the effort of the participant to be included in future micro jobs.

A special case are comments belonging to group A. In this group all the comments on the
issues of missing audio track in the video sequences were put. As it is a common convention
in the field of video quality evaluation not to add the audio track to the final processed
video sequence, also the sequences used in all of our previous studies did not contain audio.
However, even as we clearly stated this at the beginning of the micro job, the users did
not understand why are the tested sequences mute and demanded sound. This may lead
to suggestion, that in crowdsourced environment, the users are used to traditional video
streaming and therefore the presence of the audio track is an important issue to them.

In 11 cases, the participants of the studies left a comment that can be interpreted as a
joke and brings much more a smile than some useful feedback. Examples of such comments
can be as follows (comments are displayed as recorded by our framework without any further
editing):

"All praise to the test",
"Give me bonus dollars, sir, thanks",

"You university guys, it’s a cheetah, not a leopard".

Where majority of such comments do not bring any help for developing of future tasks,
the last one, on the other hand, represents that the user really focused on the task and
noticed an incosistency.

5.3.2 Useful feedback
Comments containing useful feedback are the most valuable ones for a researcher. During all
of our previous studies, useful comments take approximately 13% of all comments written
by the participants.

The most common useful comments addressed some kind of a technical issue the par-
ticipants experienced, e.g. problems with video loading, framework crashing or problems in
different browsers. Although the framework was designed in order to run smoothly at as
many platforms as possible and was tested thoroughly before each study, such a situation
can always occur. An example of similar comments follows:

"Movie 3 and 4 took many reloads before it finally played",
"In the basketball clip there was a big stop in the middle. Other videos did not have it",

"I had some problems playing videos with Chrome Had to use Mozilla instead",

These comments can help the developer to focus on additional testing under specific
conditions, e.g. in other browsers. On the other hand, as presented in [46], the share of
the 2 most frequently used web browser is approximately 90% and therefore it might be
more efficient to focus on the support of majority of the browser at the cost of rare cases of
technical issues.

Several users also left comments regarding the selection of the video content and the
lengths of the sequences. In our studies, we used the typical length of the sequences 10 s.
However, as users are now to used videos with durations of several minutes at least, some
reported they could not focus on such a short sequences and suggested longer duration:
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"For a better video test result video length should be minimum 30 seconds. Thanks".

As many of the users stated in the questionnaire at the beginning of the test, they watch
videos online on a daily basis and are therefore they are used to watching the videos in full
screen. Our framework did not allow this feature as the additional upscaling of the video
could have influence on the perceived QoE. This was also one of the issues users commented.
In this case, information about this communicated prior to the test could help the user
understand the reason behind. Another option would be to offer the participant a dummy
task to get familiar with what he is asked to do.

5.3.3 Comments and consistency
One of our questions was also, if the users who gave us consistent and reliable answers would
also leave a feedback. The results of the analysis showed, that in total we had the overall
consistency rate of approx. 46%, in the case of comments, the consistency rate was only 35%.
Hence, the reliable users were not more likely to leave an optional comment.

6 CONCLUSIONS
In this disseration, we deal with the current problems of video encoding and of delivering
the encoded content to the users. As the habits of users are changing and the traditional
linear distribution systems are no longer the choice number one, new challenges appear.
One of them is online video streaming and maintaining the best quality possible during the
streaming.

In Chapter 1, we state the objectives of the dissertation thesis. These objectives are
based on the current progress in the field and try to fill the gap in current research.

Chapter 2 makes a brief introduction to the state of the art solutions for video encoding,
with focus on High Efficiency Video Encoding. Furthermore, we present the results of our
study comparing different HEVC encoder implementations. Based on the results, the x265
implementation was used for our further experiments.

Chapters 3 and 4 create the core of this dissertation and tackle the questions asked
in Chapter 1. In Chapter 3 we focused on the encoding related factors impacting the Qual-
ity of Experience. Our findings are as follows: While for High Definition and Ultra High
Definition scenarios viewers were able to tell the difference between content encoded using
modern HEVC standard and the AVC standard, this does not apply to Standard Definition
scenarios. Although HEVC can still bring bit rate savings compared to AVC, the imple-
mentation costs for SD scenario might not be evaluated by the consumer. In case of HTTP
adaptive streaming, the segmentation strategy can have a significant impact on the overall
performance of a video streaming service. The adaptive segmentation approach has proven
to provide the best performance in the terms of the segment size and visual quality. Fur-
thermore, we also evaluated several adaptation scenarios. While minor variations in the bit
rate (and hence the visual quality) of the streamed video content do not necessarily influence
the overall quality as perceived by the viewer, sudden drop-down in the quality is usually
considered very disturbing. In such a case, not even a substantially better quality at the
end of the video sequence was not appreciated by the users. This means, that in case the
majority of the video content was streamed at low or medium quality level, there is not
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a need for providing high quality content at the end of the sequence even if the network
resources were sufficient. However, not only the above mentioned factors have an impact on
the QoE. In Chapter 4, we focus on factors beyond the encoding. Such factors can be page
loading times or a presence of advertisement. In case of displayed advertisement, an inter-
esting conclusion can be made: While the users usually consider the idea of advertisement
as disturbing (both banners and video clips), this was not reflected in their ratings when
asked to rate the visual quality. Based on our results, the users are able to accept short
(up to 10 s) pre-roll advertisement clips. Altogether, findings presented in Chapters 3 and 4
constitute a set of recommendation for online video streaming services providers and as such
are the main contribution of this work.

The second contribution of this work is the definition of recommendations for crowd-
sourcing studies as presented in Chapter 5. As we have conducted several crowdsourced
video quality assessments, we have defined following recommendations for further studies:
As participants tend not to focus properly on their task, the filtering of the reliable users is
a crucial task. Many users tend not to read the instructions so it is advisable to make the
task clear possible. In our case of video quality evaluation, users expect to have the audio
track as well and its absence can have an impact on the ratings even if the users are a priori
informed about this fact. Furthermore, it is very beneficial to provide the participants the
opportunity to share their opinion about the task (e.g. with a comment section) as it gives
the researcher the possibility of finding issues he or she would not be aware of and adjust
the experiment.

Part of the presented work has arisen from the collaboration with Technische Universität
Würzburg and as such has been published at high-level conferences [15, 20, 40, 45].
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ABSTRACT
This doctoral thesis is focused on modern video coding algorithms, especially High Efficiency Video
Coding and its possible use in online video streaming services. As the behavior of the consumers
is heading towards watching the video content anytime, anywhere, the way of delivering the
content is as much important task as the video encoding itself. In this thesis, we analyze the use
of HEVC in HTTP adaptive streaming environments, namely in DASH. Furthermore, we focus
on other aspects, which may have an impact on the Quality of Experience as perceived by the
viewers, such as presence of advertisement and other system aspects. In our experiments, we
utilize crowdsourcing to collect the opinions of the viewers, hence a part of this work is also
dedicated to the topic of crowdsourcing and how it can be used for video quality assesment.

ABSTRAKT
Předložená dizertační práce se zabývá moderními algoritmy pro kódovaní videosekvencí, zejména
algoritmem High Efficiency Video Coding, a jeho použítím v prostředí online streamování. Vzh-
ledem k tomu, že chování koncových diváků směřuje ke sledování video obsahu kdykoli a kdekoli,
způsob, jakým je obsah doručen k divákovi, se stává stejně důležitým, jakým je samotné kó-
dování. V této práci se zaměřujeme na užití HEVC ve službách založených na HTTP adaptivním
streamování, zejména ve službách využívajích DASH. Dále se zabýváme dalšími aspekty, které
mají vliv na kvalitu zážitku (Quality of Experience) tak, jak jej vnímá koncový uživatel. Takovými
jsou na příklad přítomnost reklamy či další systémové parametry. Abychom mohli sbírat názory
uživatelů, pro naše experimenty často používáme crowdsourcing. Z tohoto důvodu je část této
práce věnována samotnému crowdsourcingu a tomu, jak jej lze využít pro hodnocení kvality videa.

ZACH, Ondřej New algorithms for video coding: doctoral thesis. Brno: Brno University of Tech-
nology, Faculty of Electrical Engineering and Communication, Department of Radio Electronics,
2019. 37 p. Supervised by Doc. Ing. Martin Slanina, Ph.D.
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