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Abstract

HTTP Adaptive Streaming (HAS) has now become ubiquitous, and it accounts
for a large proportion of multimedia delivery over the Internet. Consequently, it
poses new challenges for content providers and network operators. In this study,
we aim to improve the user’s Quality of Experience (QoE) for HAS using from two
main approaches including client centric approach and network assisted approach.

In the client centric approach, we address the issue of enhancing the client’s
QoE by proposing a fuzzy logic—based video bitrate adaptation and prediction
mechanism for Dynamic Adaptive Streaming over HTTP (DASH) players. This
adaptation mechanism allows HAS players to take appropriate actions sooner than
existing methods to prevent playback interruptions caused by buffer underrun and
reduce the ON-OFF traffic phenomena, which causes instability and unfairness
among competing players. Our results show that compared to other studied
methods, our proposed method has two advantages: better fairness among multiple
competing players by almost 50% on average and as much as 80% as indicated by
Jain’s fairness index, and better perceived quality of video by almost 8% on average
and as much as 17%, according to the eMOS model.

In the network assisted approach, we propose a novel mechanism for HAS
stream adaptation in the context of wireless mobile networks. The proposed
mechanism leverages recent advances in the 3GPP DASH specification, including
the optional feature of QoE measurement and reporting for DASH clients. As part of
the proposed mechanism, we formulate a utility-maximization problem that
incorporates factors influencing QoE to specify the optimum value of Quality of
Service (QoS)-related parameters for HAS streams within a wireless mobile
network. The results of our simulations demonstrate that our proposed system
results in better perceived quality of video, measured by Mean Opinion Score
(MOS), by almost 7% on average, while lowering the freezing period by almost 20%
on average across HAS users when compared to other approaches where HAS users

only rely on local adaptation logics.
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Chapter 1.Introduction

1.1 Motivation

Internet video traffic is massively growing at unprecedented rates so that it is
estimated that Internet video traffic including TV, Video on Demand (VoD), and
P2P video streaming will account for more than 80% of all Internet traffic by the
end of 2019, according to a study by Cisco [1]. Hence, video traffic is driving next-
generation service provider network designs. More importantly, the study [1] also
concludes that overall video on demand (VoD) traffic will be fueling more than 70%
of the total video traffic crossing IP networks, and it is expected to more than double
over the next five years.

In addition, there is an increasing trend for mobile video streaming, greatly
attributable to the rising adoption of smartphone technologies along with recent
evolutions in wireless communications [2]. Considering the stringent constraints
related to bandwidth and latency requirements in video streaming and the
unpredictable nature of the wireless radio channel, streaming videos over mobile
wireless networks is very challenging. As a result, video traffic is also considered as
a driving force for designing innovative and reliable solutions in next-generation
mobile networks.

Given the global trend of increasing VoD traffic, issues pertaining to the
underlying VoD network architectures, as well as data transfer within their
boundaries, Internet video streaming has garnered considerable attention from the
industry and academia. In general, VoD service is provided using two streaming
methods, IPTV and IP Over-The-Top (OTT) Video (IP video). The former utilizes a
managed delivery network and Quality of Service (QoS) is guaranteed based on a

Service Level Agreement (SLA) such as IP based TV service provided by At&T (U-



verse TV), while the latter uses best-effort delivery, which is usually via the
Internet and quality is not guaranteed in this type of streaming [3].

In OTT video streaming, because both the delivery network and the end user
devices are unmanaged and heterogeneous, and there is no relationship or
agreement between service providers and the involved network operators,
improving the viewer Quality of Experience (QoE) is more challenging compared to
that in IPTV. Hence, the use of adaptation in this type of service has become a
common approach. Moreover, OTT services can use different transport and
application protocols, e.g. RTSP, RTP, UDP, FTP, and HTTP. Because the HTTP
protocol 1s used widely on the Internet and HTTP packets can simply travel across
firewalls and Network Address Translators (NAT) without restrictions, adaptive
streaming over HTTP is an cost-efficient communication technique for conveying
media and video content over the Internet, so much so that most popular video
hosting service providers such as Microsoft Smooth Streaming [4], Apple HTTP Live
Streaming [5], Adobe HTTP Dynamic Streaming [6] , and Akamai [7] prefer using
HTTP that runs over TCP. Among different HT'TP streaming techniques, adaptive
streaming over HTTP (Imitation of Streaming via Short Downloads), considered as
a pull-based method, has become dominant recently because it uses flexible rate
adaptation to deliver the highest video quality possible while ensuring better
utilization of content and network resources. In pull-based methods, a player
residing at a client site is in charge of downloading a video file from the server.
Therefore, opposite to the traditional RTP/UDP-based streaming, the rate
adaptation mechanism is located at the client side, and the player adapts the video
stream in terms of bitrate and quality based on the current network context,
including available bandwidth, amount of buffered video, and local conditions such
as screen resolution.

The ultimate goal of all adaptation algorithms is to maximize network utilization
while maintaining the highest perceived quality of streaming video, which are
contradictory elements and not easy to achieve simultaneously. Furthermore, the

design of an efficient adaptation algorithm can be even more complicated if the
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interaction among multiple players sharing a bottleneck link is considered [5]—[7]
instead of simply considering a single player.

A variety of end-user devices operating under the multiple constraints of
heterogeneous mobile networks are present in the process of content delivery, such
as clients’ own capabilities. For instance, end-users’ devices can be limited by

display resolution, maximum video bitrate, or supported media formats.

1.2 Challenges and research problem

In this section, we present the challenges addressed in this study. First, owing to
the nature of video streaming over HTTP, the limited number of representations
with different bitrates are stored on servers. Therefore, a mismatch between real
network throughput and the selected video bitrate is inevitable. Such a mismatch is
the result of the innate variation in encoded video bitrate, throughput measurement
uncertainties, and limited number of available video representations, and it leads to
the challenge of automatized adaptation between producers and consumers to
deliver the best possible content quality. Furthermore, the player might encounter
playback interruptions due to sudden increases in congestion or equivalently abrupt
declines in incoming throughput. To cope with potential video freezing, the playback
buffer must be held at a reliable level at all times, and to do so, the adaptation logic
must swiftly tune the video bitrate to a reliable level.

As pointed out in [8], a higher QoE cannot always result from simply playing a
video at a higher average bitrate. In other words, allocating instantaneous Quality
of Service (QoS) does not necessarily lead to better QoE, especially in the long term.
Performing up and down switching between different representations of the video to
keep up with network bandwidth fluctuations may cause a significant reduction in
QoE [9]. Hence, an adaptation algorithm should consider the effect of these
fluctuations in quality levels to minimize their negative impact.

Another issue related to dynamic adaptive streaming over HTTP (DASH) is the
variety of end-user device capabilities operating under heterogeneous networks. In

such a case, the adaptation algorithm uses device capability as one of the decision



factors for selecting an appropriate video representation. The design of such
algorithms 1s very challenging considering the constraints imposed by the
capabilities of various devices. In addition, measuring bandwidth-related metrics on
an end-to-end path that uses different network technologies is important, especially
for applications such as DASH because they use the measured available bandwidth
in their network paths as a key decision factor for adaptation. To tackle such a
challenge, the adaptation algorithm requires a mechanism to not only continuously
measure the available bandwidth but also to adapt its measuring process based on
bandwidth dynamics to yield reliable measurements.

Another major challenge in HAS is related to unfairness in terms of bandwidth
utilization among multiple players interacting on a shared bottleneck link. As
properly explained in [10], after the start-up phase when the playback buffer has
been built-up, in order to keep the buffer at the fixed size, the HAS player
downloads a new segment only if the buffer content equivalent to the content of a
video segment has been consumed. Now, if the download duration is less than the
segment duration, the HAS player stays idle until the segment duration expires.
This ON-OFF behaviour of HAS player creates the ON-OFF traffic pattern, which is
the root cause of the unfairness among competing players. This unfairness results
In unnecessary oscillation and unstable behavior in competing players. An
adaptation algorithm should be designed in a way that minimizes the negative
effect of the ON-OFF traffic pattern, which allows competing players to converge to
an equilibrium point where they equally share the bandwidth at the bottleneck link.
Consequently, an adaptation algorithm should maintain the balance between
stability and adaptability while dealing with the uncertainties of the transport
infrastructure involved.

Lastly, the dramatic increase in video traffic consumed by mobile devices has
motivated wireless network operators to consider the characteristics of multimedia
services for optimizing their networks to enhance users’ QoE. However, there are
two major challenges that hinder the efficiency of HAS in the context of a mobile

wireless network:



e HAS adaptation methods use the average network throughput measured
for previously downloaded video segments as an indication of network
condition and the available bandwidth. In a mobile wireless network, the
radio channel conditions can significantly change over a short period of
time, and due to device mobility, the measured TCP throughput does not
reflect the real network condition. This leads to an inaccurate estimation
of the network bandwidth.

e In mobile wireless networks, the available bandwidth for each user is
proportional to the amount of radio resource allocated to that user by a
scheduler operating at a base station; e.g., eNodeB in Long-Term
Evolution (LTE) network. Since the scheduler does not have any
knowledge regarding the streamed video, it does not take into account the
content characteristics in the process of scheduling. As a result, it
potentially jeopardizes the video stream’s perceived quality, which is the
ultimate goal of all adaptation algorithms in HAS.

Moreover, the current architecture of wireless networks only provides
mechanisms to handle QoS delivery, which is not efficient for the new adaptive
paradigm of HAS. Hence, those QoE-related parameters, for example, buffer
level, average bitrate, and switching rate, can be used by wireless network
operators to optimize their networks with aim of increasing the overall QoE. To
this end, a new system architecture is required to realize the mechanisms of
acquiring QoE feedback and controlling DASH clients in the application layer.
Defining such a system is also very challenging because network operators are
required to dynamically decide different QoS parameters according to existing

resource limitations (especially radio resources) to maximize the overall QoE.

1.3 Research Goal and Objectives

Based on the aforementioned challenges, it is concluded that a research
Initiative is needed to explore opportunities to improve the quality of VoD services.

In this regard, this thesis focuses on addressing the following technical questions:



1. How to predict the available bandwidth for HAS players? In HAS, which uses
OTT service delivery, the player does not have direct access to the network
information. Owing to the lack of such information, HAS clients need a
reliable estimation method to predict the available bandwidth.

2. How to maintain balance between being responsive and stable? The main
goal of adaptation logic, i.e. maximizing QokE, is not always aligned with
other goals such as maximizing network utilization.

3. How to control the process of selecting appropriate quality levels for a HAS
player to increase QoE? Operating HAS is a complex process, so its controller
needs to deal with uncertain inputs and select from a limited number of
representations.

4. How to provide fairness and stability for competing HAS players? As
mentioned before, the ON-OFF traffic pattern can cause unfairness among
competing players, and effective adaptation logic should consider the
negative impact of such a pattern.

5. How can wireless mobile network operators benefit from QoE-monitoring
features to optimize their networks? The new QoE-monitoring features in
HAS open up a great opportunity for wireless network operators to optimize
their networks with the goal of increasing the clients’ satisfaction without

Imposing extra expenses.

1.4 Methodology approach

The approaches used for addressing the aforementioned technical challenges are
as follow:

Although there are several methods for estimating the end-to-end available
bandwidth in best-effort networks [11]—[13], we are interested in methods that work
passively and do not impose any further communication burden on the network. To
this end, we take advantage of Kaufman's Adaptive Moving Average (KAMA) [14],
used mostly in financial markets to extract more understandable trends. Moreover,

dynamic calculation of the smoothing factor enables KAMA to adapt itself to



different extents of bandwidth variation. For designing the rate adaptation logic, we
employ a fuzzy-based controller. As opposed to conventional controllers, a fuzzy-
based controller is useful for running a complex process such as HAS, which can be
comprehended better using imprecise qualitative knowledge of experts rather than
using precise quantitative models. In addition, the proposed controller considers
both the estimated bandwidth and the buffer status to select the most appropriate
video bitrate. Considering the abovementioned inputs allows the controller to
maintain a balance between being responsive and stable more effectively based on
the amount of buffered content. In addition, we develop a modular emulator to
evaluate different adaptation algorithms under controlled and uncontrolled network
conditions. This emulator is composed of a web server and a bandwidth limiter.
Several studies have attempted to maximize QoE [15]-[21]. Because switching up
and down between different representations can lead to QoE degradation, an
adaptation approach called Additive Increase and Multiplicative Decrease (AIMD)
1s commonly used to improve the player’s QoE smoothly instead of rough increases
[8]. Accordingly, the proposed fuzzy-based controller preserves the minimum buffer
length to avoid playback interruption and to minimize quality changes during the
playback. Regarding the evaluation of QoE, even though metrics based on Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM) are still
widely used in the literature, in many cases for HAS streams; these metrics are not
well correlated with the perceived visual quality of the human visual system, which
1s non-linear [22]. To carry out a better assessment of QoE, we also present the
evaluation of different adaptation methods compared to our proposed method using
an eMOS model considering the most important factors influencing the viewers’

perception.

To extend our work to design a novel mechanism for the delivery of HAS
services over wireless mobile networks, we take advantage of recent advances in the
3GPP DASH specification [24] as a means of QoE measurement and reporting for
HAS clients. This built-in feature creates new opportunities for network operators
and content/service providers to leverage QoE-related information to ensure QoE-
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aware service provisioning [26]. We will formulate a utility maximization problem
so that the different QoE metrics given by UE are modeled by different utilization
functions, indicating the extent of the impact of allocated QoS parameters on the
QoE. This 1s an example of a constrained optimization problem, and the estimated
QoE 1is the objective function while the resource limitation imposed by UESs’
subscription information, limited number of video representations, limitation on
overall outgoing bandwidth of gateway, and radio resource limitations are
constraints.

All result data provided in this thesis were captured from fully functional
prototypes used in real-world field trials. For a specific HAS session, the controlling
logic in terms of choosing the quality level to be delivered from the server resides on
the client side. This logic is not subject to standardization and would, in this regard,
represent one of the sources for differences between commercial HAS solutions. As
the choice of quality level leads to different traffic bitrates toward the client and
these changes occur on a semi-continuous basis, the client either directly or
indirectly relates to the bandwidth available for a session. An indirect approach to
this would involve applying algorithms that use information from the client’s
receive buffer such as filling degree and arrival rate. The direct approach to
available bandwidth estimation would involve performing either active or passive

measurements.

1.5 Contributions

The contributions of this thesis are as follows:

e We propose an FLC mechanism for HAS that dynamically adapts the rate of
incoming video and makes intelligent decisions for downloading subsequent
video segments. This is rather unique because current mechanisms either take
into account the measured available bandwidth, which make them be too
sensitive to network bandwidth fluctuations, or they take into account the buffer
size of the playback and minimize the fluctuations, but the player remains

sluggish to network changes. Our method tackles the challenge of defining buffer



thresholds by considering the fuzzy aspects of buffer thresholds.

Our proposed mechanism progressively downloads segments as long as there is a
representation with a video bitrate higher than the estimated available
bandwidth. This is important because it eliminates the ON-OFF traffic pattern,
which causes instability and unfairness behavior of competing players and,
negatively affects QoE. Our mechanism allows the congestion controller at the
transport layer to stay active and, consequently, as shown in our experimental
results, the players using the proposed method share the available bandwidth
fairly compared to the sharing in other existing methods.

We propose, for the first time, the use of Kaufman’s Adaptive Moving Average
(KAMA) to enable HAS players to be responsive to steady bandwidth variation
while not reacting to unnecessary short-term bandwidth fluctuations. In other
words, players maximize network utilization without continuously changing
video bitrate. This further reduces up and down switching between different
representations and leads to a significant increase in QoE.

We propose a Grey-model predictor, which allows the FLC to make decisions
based on the predicted buffer level. This means the FL.C can proactively respond
to the current conditions using the predicted buffer level and take an
appropriate action sooner than existing methods can, especially when the chance
of buffer underrun or buffer overflow is high. Buffer underrun is the main cause
of playback interruptions. Our Grey-model predictor helps the controller
maintain the buffer at a reliable level at all times.

We propose a new network assisted mechanism for delivering QoE-aware HAS
services over wireless mobile networks. The proposed method enables network
operators to adjust the Guaranteed Bit Rate (GBR) QoS-related parameters (e.g.
guaranteed bitrate and maximum bitrate) of users availing HAS services to
maximize the overall QoE. To do so, the proposed mechanism benefits from a
recently standardized reporting framework to collect QoE metrics. Moreover,
instead of enforcing the specified QoS parameters using either the core network

at the network level or eNBs at the bearer level, they are dictated by periodically
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updating the MPD file sent to users during presentation. This optimized delivery
of HAS services enhances service capacity within wireless networks, as well as
the quality of users’ perception.

e We formulate the problem of specifying the proper values of the aforementioned
QoS-related parameters as a utility maximization problem that incorporates two
objectives, including maximizing the overall average video bitrate and
minimizing the quality level switches, which are contradicting in some scenarios.
The objective functions and the corresponding constraints are defined using
parameters influencing QoE, for example, buffer level, average video bitrate, and
switching rate. The solution of the formulated problem allocates different shares
of the available bandwidth to users to maximize the overall QoE.

e To solve the formulated problem, first we relax the problem by converting the
discrete optimization problem into continuous form to take advantage of well-
known continuous optimization techniques and to decrease the required
computational complexity inflicted by solving the discrete problem using the
dynamic programming. Following the conversion to continuous domain, to
overcome the challenge of finding a set of optimal solutions in a multi-objective
optimization problem, we propose using a scalarization method to form a single
objective problem. Then, we relax the single objective problem by dualizing the
constraint sets with Lagrange multipliers to formulate the Lagrange dual
problem. This relaxation allows us to propose an iterative gradient optimization
algorithm to find the nearly optimal solution in reasonable amount of time

compared to the primal problem.

1.6 Research Publications

In the process of completing this work, the following publications have been

submitted, accepted or published:
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1.6.1 Journals

1. A. Sobhani, A. Yassine, S. Shirmohammadi, “Optimizing QoE for HAS
Video Streaming in 5G Wireless Networks”, submitted to Journal of
Computer Communication (ComCom) (submitted Mar 2017).

2. A. Sobhani, A. Yassine, S. Shirmohammadi, “A Video Bitrate Adaptation
and Prediction Mechanism for HTTP Adaptive Streaming 7, in ACM
Transaction on Multimedia Computing, Communications, and Applications
(TOMM), pp 1-25, 2017 (published).

3. T. Su, A. Sobhani, A. Yassine, S. Shirmohammadi, A.Javadtalab, “A
DASH-based HEVC Multi-view video streaming system”, in Journal of
Real-Time Image Processing, Journal of Real-Time Image Processing.

2016 Aug 1; 12(2):329-42 (published).

1.6.2 Refereed Conferences

1. A. Sobhani, A. Yassine and S. Shirmohammadi. (2016, December).
“QoE-Driven Optimization for DASH Service in Wireless Networks”.), 2016
IEEE International Symposium on Multimedia (ISM), San Jose, USA,
December 2016, pp. 232-237 (published).

2. A. Sobhani, A. Yassine and S. Shirmohammadi, “A fuzzy-based rate
adaptation controller for DASH,” in Proceedings of the 25th ACM
Workshop on Network and Operating Systems Support for Digital Audio
and Video (ACM NOSSDAYV), Portland, USA, March 18-20, 2015 ,pp. 31-36
(published).

1.7 Road map of thesis

The road map for the rest of thesis is outlined below:

Chapter 2- Background provides the background information on HAS, and a brief

background on the mobile wireless communication and constituent entities.

Chapter 3- Related Works provides an extensive review of the existing works in the
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areas of methods available for media streaming, rate adaptation techniques,

fairness measurement techniques and QoE in HAS.

Chapter 4- Proposed a User-Centric Adaptation Mechanism presents the
proposed framework and explains its components. We present the core components
of a video bitrate adaptation and prediction mechanism based on Fuzzy logic for
HAS players in order to guarantee fair sharing of available bandwidth among
competing players at the bottleneck link and to eliminate the ON-OFF traffic

phenomena associated with current approaches and increasing the QoE .

Chapter 5- Performance Analysis of User-Centric Adaptation Mechanism
presents a simulated case study with extensive test results. In particular, the
experiment results show a comparison of the proposed method and other existing
methods with respect to fairness in sharing the available bandwidth, quality of the

streams and etc.

Chapter 6- Proposed Network-Assisted Approach for HAS Video Streaming
in Mobile Wireless Networks presents the proposed system architecture in EPS
network. In this chapter we explain how the new features of QoE monitoring in
DASH can be utilized by wireless network operators so as to optimize their
networks. Also, we talk about a general use-case scenario of the interaction of

different network entities involved in the proposed mechanism.

Chapter 7- Performance Analysis of Network-Assisted Approach for HAS
Video Streaming in Mobile Wireless Networks presents the evaluation results
of the proposed QoE-aware optimization framework to allocate radio resource and

bandwidth to HAS users in mobile wireless networks.

Chapter 8- Conclusion and Future Work provides a conclusion and an outlook

on future works.
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Chapter 2. Background

The various approaches can be used for transmission of content between nodes on
a network. The condition of underlying network and type of content are two key
points used in determination of the best methods for communication. In general, the
various methods available for media streaming can be classified into three main

categories: traditional, progressive, and adaptive streaming methods.

2.1 Traditional streaming methods

In traditional streaming methods, the network protocols for delivering audio and
video over IP networks are employed in order to establish a session between the
client and service provider. Although various network protocols for delivering audio
and video over IP networks are available today, the Real-time Transport Protocol
(RTP) along with the Real-Time Streaming Protocol (RTSP) are commonly used to
1mplement the traditional approach [25].

2.2 Progressive download

Progressive download [26] typically can be realized using a regular HTTP web
server rather than a streaming server. This approach has become very common and
frequently used on the Internet. In this technique, the video is stored on the user’s
local buffer. Once there is enough multimedia content in local buffer, it starts to
playback from the user’ hard drive. The main issue of progressive download is
playback interruption, which happens when the playback rate is higher than the
download rate so that playback is interrupted until more data is downloaded.
Typically, the playback delay is relatively short, but there is often a perceived delay.
Beside the playback interruption, since the progressive download cannot be played

until it gets downloaded to specific part, it is not able to support real-time
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conversation as well as live streaming. Moreover, since the multimedia content is
downloaded in local buffer, lack of security and waste of bandwidth are other
drawbacks of this method. Hence, this method suffers from two major shortcomings.

First, the user or the player has to somehow select a suitable video bitrate, which
may well lead to selecting a bitrate that does not match the incoming bandwidth. As
a result, the user may suffer from interruptions and video freezes caused by buffer
depletion. Second, users with fast Internet connections could waste huge amounts of
bandwidth. For example, a user can download a long video very fast, but could stop
playback after few seconds, wasting the bandwidth of the unwatched portion of the

video.

2.3 Adaptive streaming technique

The adaptive streaming technique encodes multiple live or on-demand streams
and switches them adaptively based upon changing user’s available bandwidth and
CPU capacity in order to adjust the quality of the video. This technique strives to
provide the highest possible quality to the users based on their current
circumstance. There are basically three adaptive streaming methods to adapt the
video bitrate to variable bandwidth: transcoding, scalable coding, and stream

switching.

2.3.1 Transcoding

In the transcoding method [27], the raw video is encoded once, and to support a
range of required rates, the encoded video content is re-encoded to another encoding
with different bitrate using the on-the-fly transcoder on the server to meet the
desirable bitrate (Figure.1). This method i1s usually used when the raw video is not
available. Since it is possible to transcode the stream based on the user’s available
bandwidth, this method can obtain fine granularity. It is worth to note that
adapting the raw video content several times for several requests for different
quality can result in high processing cost as well as poor scalability. Moreover, due

to the high complexity, this method is not appropriate to be deployed in CDNSs.
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Fig. 1. Transcoding method

2.3.2 Scalable video coding

In scalable video coding [28], as depicted in Figure 2, a base layer along with a
number of enhancement layers are prepared for each video sequence. The video
streaming 1s started using the base layer and based on the available network
bandwidth and the capabilities of the player device the enhancement layers can be
added to the base layer to further enhance the quality of encoded video. Hence, the
adapted video bit stream contains a base layer and one/multiple enchantment
layer(s). The enhancement layers can be prepared by increasing the spatial
resolution, video frame-rate or video quality, corresponding to spatial, temporal and
quality/SNR scalability. The main drawback of this method is this approach is
difficult for use in CDNs because this approach requires specialized servers
implementing the adaptation logic. Moreover, the adaptation logic depends on the
employed codec, thus restricting the content provider to use only a limited set of

codecs [26].
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Fig. 2. Scalable Encoding [107]

2.3.3 Stream switching
As illustrated in Figure 3, to address the processing cost issue in the transcoding
method, in the stream switching method the different increasing bitrates are
provided by encoding the raw video at different bitrates. Hence, the video level will
adapt dynamically according to the user’s available bandwidth. Since this method
does not require a specific codec format to be implemented, it can simply be used in
CDNs. Nevertheless, this method increases the cost of storage space at the server

side because the segments at different video qualities need to be stored.

Level i

Controller

Video Levels

A

Adaptive
Raw Demuxer Streaming

—
Content Encoder

Fig. 3. Stream Switching method [29]
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2.4 HTTP-based Adaptive Streaming

Recently HTTP-based adaptive streaming has become ubiquitous and accounts for
a large amount of multimedia delivery over the Internet. This technique has been
designed based on the stream switching method and it utilizes HTTP protocol as a
session protocol, which is leveraged on the scalability of the whole Internet. Video
and audio files are chunked into short segments of the same length. Eventually, all
of these segments are encoded, compressed into a variety of video bitrates
corresponding to different resolutions/qualities, and hosted on the HTTP server.
These compressed versions are called representations, each of which is fragmented
into several segments with constant duration stored at different servers. The URL
addresses and the corresponding bitrates of the representations are provided by a
manifest file called Media Presentation Description (MPD), which is generated
during video encoding. Using the information provided in the MPD file, the player
must select the best-suited video representation to increase the quality of
experience. To do so, the player utilizes an adaptation logic which adapts the
player’s requests to the current conditions such as the available network
bandwidth, the level of playback buffer, and the type of players’ devices. The basic
example of the HAS signaling sequence depicted in Figure 4.

The main goal of the player is to maximize the network utilization and maintain
the highest perceived quality of the streaming video. However, achieving such a
goal is not trivial. There are five challenges that must be resolved: Firstly,
performing up and down switching between different representations of the video to
keep up with bandwidth variations may lead to significant reduction in the Quality
of Experience (QoE) [8]. Secondly, the player might encounter playback
Interruptions caused by sudden increases in congestion level or equivalently abrupt
decline in incoming throughput. This means that the playback buffer must be held
at a reliable level all the time and that the adaptation logic has to swiftly decrease
the video bitrate to a reliable level. Third, there is always an inevitable mismatch

between real network throughput and the selected video bitrate. Such mismatch is
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the result of the innate variation of encoded video bitrate, throughput measurement
uncertainties, and the limited number of available video representations. Fourth,
selecting the right video bitrate requires a mechanism to continuously observe or
predict the throughput and the buffer dynamics. Fifth, unfairness and instability
are common among players competing for shared bandwidth over a bottleneck link.
Therefore, video bitrate adaptation methods must be designed in a way to minimize
the negative effect of the ON-OFF traffic pattern [10] and allow players to converge
to an equilibrium point where they equally share the bandwidth at the bottleneck
link.

HAS is now adopted by most popular video hosting service providers such as
Apple HTTP Live Streaming [5], Microsoft Smooth Streaming [4], Adobe HTTP
Dynamic Streaming [6], and Akamai [7].

Client Server

¢ — -MPD — —

—Segment Request—>
¢ — Segment— —

Feed Back

r—Bitrate level
Controller

—Segment'Request—>
« —Update MPD —
4+ — Segment— —

Fig. 4. General sequence of HAS signaling

2.5 Fairness in HAS

Parallel to the above works, there are several studies that focused on the
momentous question of how available bandwidth should be shared among users
competing for higher bandwidth over a bottleneck link. This competition can result

in player instability, unfairness between users, and bandwidth underutilization.
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The study [10] properly discusses the root cause of unfairness and instability,
which is the well-known ON-OFF pattern of HAS flows. A video bitrate adaptation
method should act in a way that players converge to an equilibrium point. To this
end, the work in [61] proposes a bandwidth manager based on a traffic shaping
mechanism to allocate fair bandwidth to players using home gateways. Although
the experimental results show it could improve fairness among the players, the
home gateway solution is not enough, as it is usually not the bottleneck link.

The work in [62] tries to justify the instability of players competing for a shared
bandwidth in an undersubscribed bottle link. The authors claim that when the link
1s underutilized, the bandwidth estimation is not as accurate as when the link 1s
over utilized. They also compare this effect with the well-known bandwidth cliff
effect (congestion collapse), which in our opinion, is unrelated to the fluctuation in
video bitrates selected by competing players. As explained in [63], in case of
congestion collapse, the real throughput (Goodput) experienced by each player is
much less than its fair designated throughput. But experimental results in [62]
show that, after a bandwidth cliff event, the players reach their fair shares. So, it
cannot be a congestion collapse.

We have a different explanation: when a sudden load is imposed on a switching
node, due to the limited space in the buffer, packets are lost such that the player
cannot keep up with updating its measurement; subsequently, the retransmission
timer would not be updated accordingly. Consequently, the host commences sending
more copies of the late packets, the buffers in the switching node are overrun, and,
as a result, the new arriving packets are dropped. In this context, the player will
experience throughput much less than expected. In [64], the pros and cons of
different segment scheduling methods including immediate download and periodic
download are presented, and randomized chunk scheduling is proposed to improve
stability and fairness among competing players.

First, before scheduling the next download, the player generates a random buffer
threshold within the predefined range centered at the intended buffer level. Then, if
the current level of playback buffer is less than the generated threshold, the next
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download will take place immediately; otherwise, the download of the next segment
1s scheduled for later, to the extent of the difference between the current level buffer
and that random threshold. This type of scheduling strives to eliminate
synchronization among downloads of different players. It should be noted that this
synchronization event has been reported by [62] as well. In addition to the
aforementioned works, the study [17] strives to address the fairness issue among
competing players by proposing in-network proxies cooperating to facilitate fair
resource sharing. On the contrary, our proposed method explained in the following
chapter does not take advantage of any intermediate network elements to solve the
fairness issue. We focus only on the player itself, which can be more practical in the
real world, as it 1s more difficult to gain access to and manage the network elements

1n access network from a service provider’s side.

2.6 Mobile wireless communications

According to [2], and supported by the recent report published by Nielsen [29],
there is an increasing trend for multimedia content watched on mobile
smartphones, resulting in an unprecedented increase in mobile traffic. This shift is
greatly attributable to the rising adoption of smartphone technologies along with
recent evolutions in wireless communications [2]. As a result, video traffic is
considered as a driving force for designing innovative and reliable solutions in next-
generation wireless mobile networks.

To address the challenges imposed by the stringent requirements of video
applications, e.g. higher data rate and lower latencies, the Third-generation
Partnership Project (3GPP) introduced an end-to-end system, called the Evolved
Packet System (EPS), also referred to as Long Term Evolution (LTE). Essentially,
the EPS, like its prior generation, UMTS, consists of two major network domains:
the access stratum (AS) and the non-access stratum (NAS). The AS layer generally
encompasses all protocols related to radio access technology i.e. Evolved Universal

Terrestrial Radio Access (E-UTRAN), while the NAS layer includes the non-radio
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related protocols active between the user terminals and the core network, referred
to as the Evolved Packet Core (EPC) in EPS. Figure 5 shows the reference network
architecture of the Evolved Packet System (EPS), which includes support for
different 3GPP radio access technologies (LTE, GSM, and WCDMA/HSPA) and non-
3GPP access technologies. In this architecture, each box represents a network entity
that provides a set of protocols and network capabilities. In this section, we briefly

explain the functional entities constituting the EPS.

External IP
networks

B B

| -
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Gy “ PDN GW

GXc

s5/s8

[ MME Serv GW |

Fig. 5. Reference network architecture in EPS [30]

2.6.1 Access Stratum (AS) in EPS

Evolved NodeB (eNB): This functional entity, i.e. the base station in the LTE, is
in charge of providing the E-UTRAN air interface including radio channel
modulation/demodulation and channel coding/decoding and multiplexing/
demultiplexing. The procedures and functions are designed to support the
interaction with the user terminals e.g. broadcasting system information, radio

resource management, and enforcing the quality of service at the radio level.
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One of the main ideas followed in EPS architecture is splitting the signaling of the
control plane (C-plane) from the user plane (U-plane) signaling, which brings more

flexibility in network deployment.

2.6.2 Evolved Packet Core (EPC) in EPS

Mobility Management Entity (MME): MME mainly is responsible to handle the
control signaling, namely the NAS signaling message. Two main services are
provided by mobility management and session management. The main procedures
performed in mobility management are security, authentication, different types of
handovers (inter and intra RAT), and paging in idle state. Session management
service provides procedures for establishing, changing, and releasing default and

dedicated user plane bearers.

Serving Gateway (S-GW): The S-GW in the EPS acts as a gateway which receives
the user plane traffic from the E-UTRAN (radio access network) and forwards them
to the EPC, and vice-versa. In addition, when the UE is moving into the
neighboring cells and in the case of inter-eNB handover, the S-GW also acts as the
local mobility anchor for data bearers. Moreover, when the UE is in idle mode,
meaning that there are no radio bearers established, the user-plane data packets
received from EPC (downlink data) are buffered at S-GW until the corresponding

radio bearers are ready to forward the traffic towards the UE.

Packet Data Network Gateway (PDN-GW, or P-GW): The PDN-GW in EPS connects
the core network to external IP network. The PDN-GW is in charge of allocating IP
addresses to UEs, charging and controlling the user plane flows, and enforcing the
transport level QoS for both uplink and downlink IP flows through marking IP

packets using appropriate DiffServ codes.

Home Subscriber Server (HSS): All of users’ subscription and management related
parameters are stored and kept in this functional entity in the EPS. These

parameters include subscribed QoS profiles, access restrictions and credentials as
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well as access point name (APN) and mobility related information.

Quality of Service (QoS) and policy control in EPS:

Like other previous generations of mobile cellular systems, e.g. GSM and UTMS,
as multiple services share the radio and core network resources, EPS provides an
efficient QoS solution to satisfy the different QoS requirements in terms of bitrate
and packet loss rate. QoS requirements are only guaranteed over the logical
transport channel between the UE and the PDN, namely the EPS bearer. Moreover,
the same set of QoS parameters is applied to treat all traffic travelling over each
EPS bearer. This set includes the QoS Class Identifier (QCI) and the Allocation and
Retention Priority (ARP) and bitrate parameters for some EPS bearers which
should support a fixed bitrate. Hence, based on the requirement of supporting a
guaranteed bitrate, EPS bearers can be categorized into two types, GBR bearers
and non-GBR bearers. When a GBR bearer is established, a certain amount of radio
capacity (bandwidth) is being reserved regardless of whether it is really used or not.
However, for the non-GBR bearer, a fixed radio resource is not pre-allocated and
consequently, the bitrate is not guaranteed.

To have multiple services with different QoS requirements, their corresponding IP
flows should be sent over different EPS bearers. To do so, each EPS bearer is
associated with a series of packet filters called Traffic Flow Templates (TFTSs),
which are used to extract IP packets belonging to the service mapped to the EPS
bearer. As illustrated in Figure 6, TFTs can be located at both the terminal and the
PDN GW for uplink and downlink directions respectively. Typically, the TFTs are
created during the establishment of a new EPS bearer, and can be modified during
their lifetime. These operations on EPS bearers are centrally managed and

controlled by the Policy and Charging Control (PCC) system.
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2.6.3 Policy and Charging Control (PCC) Architecture

PCC provides operators with an advanced control mechanism for controlling and
charging QoS aware services such that the appropriate QoSs are arranged for
service sessions. As illustrated in Figure 7, the PCC architecture in EPS supports
multiple access technologies e.g. E-UTRAN, UTRAN and GERAN, roaming and
multi-access mobility to define an access-agnostic policy control framework. The

functional entities in the PCC architecture are briefly described below.
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Fig. 7. The reference network architecture for PCC in EPS[30]
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Application Function (AF): As defined in the 3GPP standardized PCC
architecture, AF is in charge of interacting with the application running at UEs, e.g.
the SIP agent and the HAS application, to extract the session-level information
from the corresponding session protocols. The application signaling can either pass
through the AF or is terminated at the AF. In this way, the AF can extract session-
level information and provides the Policy and Charging Rules Function (PCRF) with
this information to establish the transport channels with the required QoS
parameters deduced from the session level information. This information is reported
to the PCRF entity through the Attribute-Value-Pairs (AVPs), which are embedded
in Authenticate and Authorize Request (AAR) messages over the Rx interface. For
instance, the Proxy Call Session Control Function (P-CSCF) can be AF in the IP
Multimedia Subsystem (IMS), and in media streaming services, the AF corresponds

to a video streaming server.

Policy Control and Charging Rules Function (PCRF): The PCRF is responsible
for making decisions regarding policies and authorizations in terms of QoS
parameters (i.e., QoS class identifier and bit rates as discussed beforehand) to be
applied in treating user-plane flows. The decisions made by the PCRF for each flow
are then converted to a set of PCC rules, and sent to the Policy and Charging

Enforcement Function PCEF to be enforced.

Policy Control Enforcement Function (PCEF):

The PCEF is located at the PDN Gateway, and its main responsibility is to map the
rules, received from PCRF over Rx interface, to a particular ESP bearer. The PCEF
1s also responsible for performing policy enforcement and providing user data flow

handling as well as QoS handling.

Subscription Profile Repository (SPR):
Essentially, SPR is a database for storing the subscriber related information and
the corresponding QoS parameters and policies e.g. restrictions, provisioned

services.
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Online Charging System (OCS):
This entity manages the credits in pre-paid charging system, and responds to the

requests from PCEF regarding reporting credit statuses.

The Offline Charging System (OFCS):

In case of offline charging, the charging events reported by the PCEF are handled
by this entity to generate Charging Data Records (CDRs) to be transferred to the
billing system.
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Chapter 3. Related Works

In HAS, as mentioned before, the adaptation logic resides in the client side, as it
is assumed that client has the best view of its current conditions as well as the
network condition. Several research studies have proposed user-centric approaches
to enhance the QoE of HAS users individually. However, in scenarios where there
are multiple HAS players using a bottleneck link, as HAS players have an
incomplete view of the access network, the HAS players are incapable of accurately
estimating the available bandwidth, which may result in instability and unfair
bandwidth allocation among the HAS players [31]. To address these issues, a
number of strategies proposed in the literature try to take advantage of in-network
information by defining cooperation between network elements and HAS players. In
general, these approaches are referred to as network-assisted HAS. This section

explores these studies and highlights the differences with our work.

3.1 User-Centric Rate Adaptation Techniques

Recently, a wide range of adaptation methods have been proposed to support
adaptive HTTP streaming. In general, these adaptation methods can be divided into
two broad groups [32]:

e Throughput-based methods, in which the player chooses the appropriate
video representation just by considering the measured bandwidth.

e Buffer-based methods [33]-[36], in which players make decisions regarding
the next video representation based on the current context of the playback
buffer in order to playback the video in a smooth manner.

In this section, we review the existing literature on user-centric adaptation methods
in which the rate adaptation logic deployed at the HAS player individually is used
to find the most appropriate quality level among the available representations

based on the current network conditions.
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3.1.1 Throughput-based methods

In throughput-based methods, [4], [37], [38], the player chooses the appropriate
video representation just by considering the measured bandwidth (e.g. instant
throughput and smoothed throughput). As the adaptation logic in such methods
does not have any information about the buffer, they are vulnerable to abrupt
bandwidth changes. In addition, the innate fluctuation in the throughput causes
unnecessary fluctuation in selected video bit rates. In other words, knowing the
underlying network condition 1s complex and hence precisely measuring or
estimating the TCP throughput is not trivial.

To address the uncertainty issues in estimating the TCP throughput, various
methods are proposed to predict the end-to-end available bandwidth [34]; the key
differences between these methods are the way to forecast the throughput and/or
how to use the predicted throughput. During the past decade, a vast literature on
future traffic estimation has been generated that offers a rich body of techniques for
answering crucial challenges in the concept of Dynamic Adaptive Streaming over
HTTP (DASH). Beside the different bandwidth estimation method discussed later,
a cross-session approach proposed by [39] can be used to obtain an accurate
throughput prediction for a new session using temporal and spatial similarity
between the new session and other sessions within a time window, where there 1s
no profile of measured segment throughputs for the new session. In the following,

we will provide a brief overview of the most-used methods of bandwidth estimation.

3.1.1.1 Exponentially Weighted Moving Average (EWMA)

This technique [11], which is used mostly for smoothing time series data, tries to
predict the future available bandwidth by recursively averaging the past
throughput observations, which are weighted exponentially decreasing weights
over time. In fact, it acts as a low-pass filter removing changes in high-frequency.
There are different variants of this technique which are used for data with different

characteristics. These variants are single, double and triple smoothing methods.
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3.1.1.1.1 Single exponential smoothing method

As the name of single smoothing shows, in this form of smoothing, we use just one
recursive moving average process equation (1) for prediction. In this model, it is
deemed that the data fluctuates around a reasonably stable mean, and there is no
trend or consistent pattern of growth.

ST(i)) = (1— ) xST(A— 1) + a x T(i) (1)

Where T(i)is the computed throughput of the ith segment, ST(i) is the
corresponding smoothed throughput, and a = % where (1) 1s the number of samples

such that the smaller value of a corresponds to a longer history and vice versa.

3.1.1.1.2 Double exponential smoothing method

In the case that the data has a trend, we need to use two separate smoothing
processes, equations (2) and (3), which update and smooth both the values of level
and trend at the same time. Equation (2) is similar to (1) and computes a smoothed
value of the data using a smoothing factor («) as a prediction of data level, while
equation (2) computes the smoothed value of average growth using smoothing factor

(y) as a prediction of trend.

ST() = (1 —a) X ST(i — 1) + a x T(i) (2)
VT() = (1 —y) X VT(i— 1) + y x (ST(i) — ST(i — 1)) (3)

3.1.1.1.3 Triple Exponential Smoothing method

To capture seasonality in a time series in which the data samples vary in a
regular and predictable pattern, another parameter and, consequently, another
equation is needed to keep and update the smoothed version of the seasonality. The
set of these equations is called the “Holt-Winter” method [13]. This method has two
variations, additive and multiplicative. We encourage interested readers to refer to

[13] for further discussions.
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Beside the discussed methods, Support Vector Regression (SVR)[12] and Multi-
Layer Perceptron (MLP)[12], [40], [41] are other techniques that are used to predict
the future traffic. As is well-discussed in [37, 38], although the EWMA approach has
less accuracy, it is more favorable, because it works passively and does not impose
any further communication burden on the network. There have been a number of
research studies that employed the Exponential Weighted Moving Average (EWMA)
mechanism to predict the future load on edge based on the packet-based traffic
estimation to address the large fluctuations issue in video bitrate. For example [42],
proposed the EWMA-based method to improve throughput and bitrate prediction.
In these methods, otherwise known as instant throughput based (ITB), the
measured segment throughput is computed as the ratio of a given segment’s data
size and the delivery duration of that segment.

As 1s well-discussed in [43], the throughput estimation can be computed from
values of instant throughput and round trip time. In another work [44], the author
proposed a crowd-sourcing method based on stored GPS coordinates and
corresponding bandwidth measurements that enable the client to predict
bandwidth. The main drawback of these methods is that they experience short-term
fluctuations. The smoothed throughput is used to tackle the fluctuations issue;
hence, this method is also known as the smoothed through based (STB) method.
The smoothed throughput causes late reaction of the client to a large throughput
decrease, which can be easily solved by having a large buffer [42]. Beside the STB
method, authors in [42] proposed a TCP-like method that detects bandwidth
changes using a smoothed throughput and switch up/down between the different
representations of the content that is encoded at multiple bit rates based on a step-
wise increase/ aggressive decrease method. Because the controller conservatively

increases the selected bitrate step by step, this method is referred to as conservative

throughput based (CTB).
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3.1.1.2 Autoregressive model

Another model which can be used for prediction is Auto Regression (AR). As the
term auto-regression shows, the bandwidth prediction is computed using a linear
combination of former values of the sampled bandwidth. In this model, the number
of past values of the variable to be predicted is known as an order of model.
Equation (4) shows the computation of an AR model of order p.

ST() = c + X5, B:ST(i—j) +€ 4)

¢ 1s a constant and € denotes a random variable of white noise.

3.1.2 Buffer-based methods

In the buffer-based methods, players make decisions regarding the next video
representation based on the current context of the playback buffer to play out the
video in a smooth manner. As pointed out in [32], different ranges of buffer level are
defined in buffer-based methods such that different actions can be taken by the
controller accordingly. Since buffer under-run causes video freezes, which
dramatically decrease the QoE, avoiding underflow at the playback buffer has the
highest priority in such methods. However, determining the overflow and underflow
thresholds is very challenging. Hence, it can be considered as the main drawback of
buffer-based methods. The authors of [45] propose an interesting optimization
problem, which aims to find the optimum buffer thresholds to maximize the QoE
modeled using two metrics of the average video bitrate and playback smoothness.

In addition, [46] propose a method that makes use of a pre-computed buffer map
to find the highest available video representation such that by downloading that,
avoiding video freeze is guaranteed. In [38], a buffer-based method is proposed on
the client side that enables clients to achieve a balance between the need for buffer
stability by using the future buffer estimation. Muller et al [106] have used the
same approach for the buffer estimation. Moreover, it distributes the buffer in
various ranges and different actions are applied when the buffer level stays in

different ranges. Jarnikov et al. in [47], employ a Markov decision process to take
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an action based on future estimated buffer. While using the Markov decision
process is the attractiveness of this approach, this method does not consider
dynamic throughput such that it fails to minimize the on-off traffic fluctuations.
Since buffer-based methods sluggishly react to bandwidth variations compared to
throughput based methods, some works, e.g. [48], leverage throughput prediction as
well in order to react faster to the bandwidth variations. Also [48], [49] goes further,
and proposes using the information of segment sizes provided in the MPD file to
proportionally assign different weights to be used in the weighted harmonic mean
download rate. Such information can be used later by the adaptation mechanism to
make a more accurate decision. For instance, [48] utilizes the weighted harmonic
mean of previously measured segment throughputs whose weights are proportional

to the corresponding segments’ sizes to improve throughput prediction.

3.1.3 Quality of experience (QoE) based methods

The core idea of HAS is the quality adaptation algorithm that controls the quality
level of segments to be downloaded. There are several studies that directly aim at
maximizing the QoE [18], [40], [50], [51]. Since switching up and down between
different representations can lead to a reduction in QoE [19], [20], [52], some
adaptation algorithms such as [34], [35], [39], [63] use Additive Increase and
Multiplicative Decrease (AIMD) to improve the player’s QoE smoothly instead of in
rough increases. As pointed out by [54], the main reason for such a conservative
step-wise approach is to reduce the risk of playback interruptions that might be
possible in case of aggressive switch up. AIMD allows the player to deal with
sudden increases in congestion level or equivalently abrupt declines in incoming
bandwidth. The proposed adaptation method in [55] is based on model predictive
control (MPC). This method considers both throughput prediction and buffer
occupancy, and tries to select the next video bitrate that maximizes an objective
function modeling the QoE. Although [55] proposed using a rule-based decision
table to address the issue of the high computational complexity required for solving

such an optimization method, preparing such a table for different sets of
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representations seems impractical. In addition, it does not make a decision about
imposing delay, which is inevitable under some circumstances. The authors in [56]
proposed a Markov decision-based approach to capture the dynamics of a video
streaming system. Even though the reward function defined in [56] considers the
most important factors influencing the QoE, and a greedy algorithm was proposed
to reduce the computational complexity of finding the optimal solution, it needs the
channel state transition probabilities, which are difficult to acquire in
heterogeneous networks and even more difficult for non-stationary channels.
Therefore, the performance of this method can be compromised with an inaccurate
Morkov channel model. Also, this method does not provide any policy for situations
where postponing the download of the following segment is inevitable. A Q-
Learning based approach was also proposed by [567] whose reward function is
defined to be an indication of the QoE, and directs the client to pick the most
desirable policy in order to maximize the QoE. Although the influencing factors
considered by the reward function are somewhat analogous to those taken into
account by our proposed fuzzy method (explained in Chapter 4), in FLC, those
factors are first converted to the fuzzy domain, and accordingly, the defined fuzzy
rules are being used to make decisions about the final actions, instead of using a
reward function in [57].

In addition, a predication model is proposed in [20] to forecast the time-varying
subjective quality (TVSQ) of rate-adaptive videos in an online manner. This model
is able to conduct QoE-optimized online rate-adaptation for HAS by using the
database containing the measured TVSQs prepared via a subjective study.
Similarly, DeCicco et al. in [21] proposed a model of the automatic video stream-
switching employed by one of these leading video streaming services along with a
description of the client-side communication and control protocol to maximize the
client’s QoE. Another QoE-enhanced adaptation algorithm was also introduced in
[68] that preserves the minimum buffer length to avoid the playback interruption

and consequently to minimize the quality changes during the playback.
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It should be noted that to evaluate the QoE, several traditional metrics e.g. Peak
Signal to Noise Ratio (PSNR) and Structural Similarity Index (SSIM), are still
widely used in the literature. However, they do not correlate well with the perceived
quality of HAS users [22]. In this respect, several QoE models, [50], [562], [59], [60],
have been proposed to predict the perceived quality of HAS. The average quality of
selected representations, the number and magnitude of switches among different
representations, and frequency and duration of freezes are considered as the most

important factors having an impact on QoE in these models.

3.2 Network-Assisted Techniques

As explained before, client based approaches are not optimal since usually there
are multiple HAS users competing for the same resource on the bottleneck link,
which results in inaccurate bandwidth estimations measured by the HAS clients. To
address the shortcomings in individually adapting HAS streams, some research
studies have been conducted to define interaction between video and network
elements in different types to leverage the in-network information. In this regard,
MPEG introduces a new baseline architecture referred to as Server and Network-
assisted DASH (SAND), illustrated in Fig. 8, that defines the standard signaling
mechanism to enable the cooperation and exchange of assisting information
between HAS clients and network components to manage traffic and to support

complex QoS.
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Fig. 8. SAND architecture [79]

The essential concept in SAND is a functional network entity, called DASH Aware
Network Element (DANE), which is able to understand and collect the HAS session
related content and to provide HAS clients with assisting parameters to enhance
the service delivery. As thoroughly discussed in [65], different network-assisted
strategies can be used depending on the type of access network as well as how
network elements are able to interact with HAS clients. One approach is bandwidth
reservation in which there is a bandwidth manager in the access network allocating
bandwidth shares to HAS flows. In this method, the quality of the next video
segment is determined by the client itself based on its estimates of bandwidth.
Recently, since Software Defined Networking (SDN) has been emerged as a
promising approach in managing networks in a central manner, it has been used in
multiple network-assisted mechanisms to manage the network resources e.g.
bandwidth.

In [66] Openflow controller has been proposed to prevent HAS flows from being
routed through the congested links. Such approach can only be used in networks
managed by a service provider whereas congestion usually occurs in access

networks, which are not controlled by the proposed controller. There are also some
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other works, proposed in [61] and [8] trying to confine the bandwidth allocated to
each HAS client by employing traffic shaping methods. Accordingly, HAS clients are
indirectly compelled to adapt their requested video bitrates to the bandwidth limits
determined by the traffic shaper. As sensing changes in the available bandwidth
and adjusting to the intended bitrates are slow, applying such techniques in an
access network with wildly varying bandwidth is not efficient.

Similarly, the authors of [67] proposed an OpenFlow controller to maximize the
QoE of all HAS players competing on the bottleneck link by allocating the fair
shares of bandwidth. In another approach, referred to as bitrate guidance, there is a
central network element whose function is to specify the quality of video segments
for all HAS clients using the access network. It should be noted that in this
strategy, the client does not have any role in the adaptation process, and just
obliviously follows the decisions made by the central controller. In this regard, a few
researchers, e.g. [68], [69] propose multi-user rate adaptation methods from the
network side. The work in [69] considers the network management scheme to
determine the bitrates for all HAS users. The study in [69] addresses bandwidth
underutilization, which could lead to unfairness among DASH clients due to lack of
cooperation between users and the network. In such cases, the network resource
cannot be efficiently allocated, and consequently the ultimate goal, 1.e. QoE, would
be compromised. The proposed method in [69] is tailored for WiFi networks, and can
be deployed on the access point router. Moreover, the authors of [69] have not
considered the impact of video bitrate fluctuations in their cost function. The trade-
off between maintaining an acceptable video streaming quality and wireless service
cost 1s investigated in [70], [71] using the Markov Decision Process. This solution
mainly addresses the problem of bitrate adaptation over multiple heterogeneous
wireless access networks. In [72]—[74], the authors propose a video adaptation proxy
technique to optimize multiple concurrent DASH flows in 3G networks and
consequently, improve the QoE of DASH clients. A joint optimization approach is

discussed in [75] that considers multiuser packet scheduling along with wireless
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resource allocation in order to maximize the video quality of mobile users under
delay-bound constraints.

The issue of maintaining the highest perceived quality of adaptive video
streaming over wireless networks is addressed by several studies through different
mechanisms. The authors in [68] propose using a streaming proxy located at the
wireless base station to fairly allocate the resource to the active HAS clients. It
should be noted that in wireless networks, HAS clients adapt the video quality to
the available resources using the scheduler located at the base station. In [76], the
authors propose a new mechanism that optimizes the adaptive HTTP media
delivery to multiple clients in a wireless cell. The proposed mechanism enhances the
QoE of HAS users by adjusting the throughput variations and allocates resources
while considering the streamed content. The work in [77] proposes a framework
somewhat similar to our optimization framework to deliver fair video quality and to
achieve fair play-out buffer levels among the active HAS users connected to the
same eNodeB. However, the authors of [77] assume having a media-aware network
element (MANE) without defining the interactions of the core network entities in
realistic scenarios. As opposed to [77], we precisely define a realistic framework
based on LTE core network architecture and the standard procedures available for
interaction of the involved entities. Another approach which can be identified in
Network-Assisted is flow prioritization. The authors of [78] introduced the general
idea of this approach for the first time such that each client independently
prioritizes the next segment based on its buffer status, and informs the HAS server
of these priorities when requesting the segment from the HAS server. Accordingly,
the server sets the Differentiated Services Code Point (DSCP) field of all outgoing
IP packets belonging to that segment proportional to the priority received along
with the segment request. Then, the network elements with Differentiated services
(DiffServ) capabilities apply the prioritization in the network. In this approach,
although the network elements assist HAS clients to enforce their requested
priorities, the network-related information is not considered in decision-making

performed in clients. Furthermore, this approach suffers from another drawback
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relating to fake priority requests. As there is no mechanism defined for identifying
and penalizing misbehaving HAS clients in a network, there might be clients

generating fake priorities, which leads to vast degradation of efficiency in applying

such approach.
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Chapter 4. Proposed a User-

Centric Adaptation Mechanism

4.1 Main ldea

Different from the aforementioned works trying to address unfairness in HAS,
the stimulating idea in our FLC mechanism is to improve the fairness and
consequently the overall QoE of competing HAS players by reducing the ON-OFF
traffic. Essentially, the underlying TCP congestion control mechanism was designed
to achieve fairness in case of long lived contiguous TCP streams. In relation to this
fact and to take advantage of the TCP congestion controller, our proposed method
aims at reducing the OFF periods to the feasible extent to turn HAS streams into
contiguous TCP streams. Hence, by reducing the OFF periods, the underlying TCP
controllers remain active longer during the sessions, and consequently, the
available bandwidth is expected to be shared more fairly among the HAS players.
However, reducing OFF periods is not trivial since OFF periods usually happen
when the playback buffer is almost full, and the HAS player postpones the
download of the following segments to prevent buffer overflows. To reduce the OFF
periods, Akhshabi et al. [108] proposed a server-based traffic shaping method
aiming at eliminating OFF periods. In this method, when the server detects that a
player oscillates between different video representations, the server confines the
network bandwidth for the stream of each video segment to the corresponding video
bitrate so that the download duration would be roughly equal to the segment
duration, and consequently, the player would remain ON. This method suffers from
several issues. First, it incurs extra overhead on the server, especially when the
number of oscillating streams is high. Also, applying this method requires that all

players receive most successive video segments from the same server which is not
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the case in real-world scenarios. Furthermore, if traffic shaping is turned on all the
time, the server cannot detect the bandwidth variations.

In order to address the aforementioned issues, we propose a pure client based
approach to reduce the OFF periods. First we need to predict the situation in which
the OFF period is created in a timelier manner and more accurately. To do so, we
use the buffer level predictor as well as the bandwidth predictor to detect this
situation in time that allows the FLC to take the appropriate action ahead of time.
To give insight into the rationale behind our method, Fig. 9 illustrates various
possible approaches which can be taken by a client where the playback buffer is
almost full and there is a mismatch between available bandwidth and the highest
available video bitrate (denoted by level 1 in Fig. 9) is lower than the available
bandwidth. As shown in Fig. 9, due to this mismatch, the download of a segment
belonging to level 1 is finished earlier than the time at which the player needs to
pick another segment from the buffer (video time line boundary t2). This gap is
indicated by A in Fig. 9. Now, if the download of the following segment is performed
immediately, as illustrated in Fig. 9 top, buffer overflow condition is likely.

In another approach, which is common among the HAS players, the download of
the following segment is postponed to the next video time line boundary. By doing
so, the buffer level is maintained, but as can be seen in Fig. 9 middle, an OFF period

1s created.
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Fig. 9. Different possible approaches to download the following segment

However, as shown in Fig. 9 bottom, creation of a continuous stream is possible
when there is a representation with a bitrate higher than the available bandwidth
(denoted by level 1+1). Immediate download of the following segment with the video
bitrate greater than the available bandwidth allows for a larger segment to be
downloaded for a longer time than the segment play time, T, (the difference
between download time and segment play time is denoted by ¢ in Fig. 9). As a
result, in addition to eliminating the OFF period, the buffer size is kept away from
the full limit (red dashed line) compared to the first approach, which increases the
risk of buffer overflow. It should be noted that our proposed method requires quality
changes, which in theory may have a negative impact on QoE. However, according
to the recommended representation sets given by Apple, Microsoft, and Netflix [80],
video bitrates are usually selected in a way to reflect Weber's Law of Just
Noticeable Difference (JND). If we assume that two adjacent video representations
are spaced in such a way that the difference between them in terms of JND is less
than 3 (which is common in practice [32]), the impact of quality change is not
obviously noticeable to the viewer, as investigated and confirmed in [81]. Obviously,
this cannot be applied where there is no available representation with a bitrate
higher than the available bandwidth, so our method does not always eliminate the

OFF period.

4.2 Proposed Framework

The central part of our mechanism is the fuzzy controller that takes the adaptive
smoothed observed throughput and the predicted buffer dynamics as inputs. Here
we introduce a system that takes two inputs for decision making: the available
bandwidth estimated by means of KAMA and the buffer dynamics predicted by a
Grey predictor. In Fig. 10, the high level architecture of the system is presented. We
first start by introducing the details of KAMA and the Grey prediction model and

then explain the FLC mechanism.
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Fig. 10.Block diagram of video-streaming architecture

4.3 Kaufman’s Adaptive Moving Average (KAMA)

There are several methods for estimating the end-to-end available bandwidth in
best effort networks e.g.[11]-[13]. The details of these methods are discussed in
section 2.5. In our proposed framework, we are interested in methods that work
passively and do not impose any further communication burden on the network.
One such method is the Exponential Weighted Moving Average (EWMA) [11] shown
in equation (5). EWMA is usually used to smoothen the previously experienced
segment throughputs so that the short-term fluctuations are canceled out, and the
smoothed version of the segment throughput can be thought of as an estimation of

available bandwidth.
STAH=0Q—-a)xST{i—1)+ax T(), (5)

where T(i) the computed throughput of the ith segment, ST (i) is the corresponding
smoothed throughput, and a = % where (1) is the number of samples such that the
smaller value of a corresponds to a longer history and vice versa. However, the
selection value of the smoothing factor (¢) in EMWA is challenging. Using more
samples, 1.e. smaller a, in exponential averaging can cancel unnecessary short-term
throughput variations, and as a result, minimizing unnecessary fluctuation in video

quality. However, the player cannot use the maximum available bandwidth, and it
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reacts sluggishly to long term bandwidth variations and needs a larger buffer size
to cope with large throughput decreases. On the contrary, if fewer samples, i.e.
larger a, are used in exponential averaging, the player reacts faster to varying
bandwidth which means being responsive and maximizing the bandwidth
utilization. But, some fluctuations would not be filtered out, which adversely
impacts the QoE. In general, it would be more appropriate if the value of a is
dynamically selected based on the current network condition. To this end, we take
advantage of the Kaufman's Adaptive Moving Average (KAMA) concept proposed in

[14], mostly used in financial markets to extract more understandable trends.

As shown in equation (6), KAMA is quite similar to EMWA with the difference that,
in KAMA, the smoothing factor (C) is dynamically calculated for every sample while
in EMWA, « 1s fixed.

STMH=A-0OxSTEG—-1)+Cx T®) (6)

In order to calculate C, first, the efficiency ratio (ER) has to be determined. ER is
defined as the ratio of the direction of sampled throughput series to the amount of
volatility in throughput sample series. The equation for ER is shown in (7).

ER = |Direction / Volatility| (7)

As explained in [15], the direction and volatility can be computed using (8) and (9).

Direction = T(i) — T(i — n) (8)
Volatility = YT —t) —T({—t—1)| 9)

where T(i) is the computed throughput of the ith segment and T(i —n) is used to
show the nt* sampled throughput ago (usually n is set to 10). Therefore, when ER is
between 0 and 1, it can be thought of as the ratio of the direction. Afterwards, we
establish boundaries including shortest and longest length of look-back samples,
denoted by Fastsc and Slows: respectively, for KAMA. To do so, we use the

evaluation of a = z+i1 at the values of [, which are the number of samples to be

considered as the length of shortest and longest history for Fastg. and Slows,
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respectively. For instance, if 2 and 30 samples are used as shortest and longest of

look-back samples respectively, Fastg: and Slows. are computed as follows.

1 —

Fasts, = [ELZ = 0.667 (10)
1

Slowse = [m ., =0.0645 (11)

Now, ER can be used as a scale factor to compute the corresponding average

smoothing constant (SSC) in the range of Slows. and Fasts; using equation (6).

SSC = ER X (FaStSC - SlOWSc) + SlOWSC (12)

In this case, if the trend of measured throughput moves sideways, ER will be close
to 0, and, as it can be inferred from equation (12), SSC will be close to Slowgc. On the
other hand, if the measured throughput has either increasing or decreasing trend,
ER will be close to 1, and the value of SSC goes towards Fastsc. Finally, the
smoothing factor (C) in equation (6) is determined using equation (13).

(= SSC*? (13)

Fig. 11 shows an example of sample throughputs (blue curve) along with three
smoothed curves: slow and fast smoothed versions of EWMA (green and black
curves) and the smoothed version using KAMA (red curve). The samples of (I) used
in EWMA are 2 and 15, corresponding to fast and slow EWMA curves. As
illustrated in the magnified plot, it is obvious that fast EWMA curve follows closely
the original throughput curve while the slow one filters out the short-term
variation. Moreover, when there is a steady trend in the original curve, the slow
EWMA reacts with more latency than the fast EWMA, which is intuitive. Also, the
KAMA curve reveals that although KAMA reacts much faster to the throughput
variations than the slow EWMA, it cancels out the short-term fluctuations
comparable to what slow EWMA does. This behavior of KAMA stems from using a

variable smoothing factor which changes with respect to the network condition.
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4.4 Grey prediction model

As mentioned earlier, buffer-based methods use the current occupied level of the
buffer in order to make decisions about changing the video bitrate. In this regard,
they react sluggishly to the steady variation of incoming bandwidth, and hence
cannot efficiently use the available network bandwidth. Our proposed Grey
predictor extracts the steady trend of the buffer level variation and predicts the
buffer occupancy level ahead of time. The trend of changes in the buffer level
indirectly shows the trend of variations in incoming network bandwidth. This is
important as we feed such predictions to the FLC which tries to uninterruptedly
download video segments. By so doing, the FLC can proactively respond to the
current context using the predicted buffer level and take an appropriate action
sooner, especially when the chance of buffer underrun/overrun is high.

We assume that the consecutive buffer levels, measured at time intervals,
comprise a time series. We use GM(1,1) [82], a time series predicting model, as a
predictor, because it gives reliable performance with small sample sizes.

Furthermore, it can predict the future outputs of the system with acceptable
accuracy. Assume that sequence X(© = (X(O)(l),x(o)(Z), ...,x(o)(n)) is a sequence of
recent buffer levels, sampled after n consecutive segment downloads. A first-order
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weakening operator as defined in (14) is applied to X(® to generate a sequence,
denoted by X(®D and shown in (15). X(PD is slower than the original sequence, X,
which means it decreases or increases slower than X(®. In the case of fluctuation, it

fluctuates in a smaller range than X(©.

1
n—-k+1

XO(k)d = nx©@O),k=12,..,n (14)

XOp = (x©(1)d, x@(2)d, ..., x @ (n)d) (15)

In order to find the inclination in the weakened sequence, X®D, GM(1,1) produces a

new sequence with less randomness, called accumulation generated sequence (AGS)
and denoted by X = (x(l)(l),x(l) (2), ...,x(l)(n)). The one time accumulated

generation operation (1-AGO), used for producing AGS, is defined in (16).

XDk =3k XxOWd, k=12,..,n (16)

Then, the background sequence, Z(M) = (z(l)(Z),z(l)(B),...,z(l)(n)), is generated by

weighted average of the adjacent members in AGS as shown in equation (17).

2D (k) = (p xxO(k) + (1 -px®P (k- 1)) k=2,3,..,n 17)

The coefficient p is selected from [0,1].

Now, by using a first order differential equation, a system can be modeled, as
demonstrated in equation (18). This model is referred to as a basic form of the

GM(1, 1) model.
xO) + wzV (k) =y (18)
If we define

0@
y = |x(°):(3) I (19)

x©(n)
and
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[-z(2) 1]
g =|"zY3) 1| (20)

_ |
B .
|-z (n) 1

then parameters w and ¥ can be calculated using the Least Square method as

follows:
w
[¢] = (B"B)"1BTY (21)

Having the computed parameters w and ¥, the predicted value of £ (k + 1) can be

obtained using the solution of whitenization equation (16) of the GM(1,1), as in (23).

dx@®
D (k) —
o Tox K)=vy (22)
20+ 1) = (xV(1) = L) ek + 2 (23)

So the predicted buffer level at time interval k + 1, £ (k 4 1), is given as follows:

4

w

(24)

2Ok +1)=20Uk+1) —2WUk) = (1 - e)(xO(1) — D)e @k

Before using the predicted value of the buffer level, the constructed model must be
evaluated to find out if the generated results are applicable. For doing so, different
criteria can be used such as Mean Relative Error (MRE), Degree of Incidence, Ratio
of Mean Square deviations, and Small Error Probability. Since, MRE is commonly

used, it is computed after each round in order to check the validity of GM(1,1). If

X0 = (2(0)(1),9?(0)(2),...,J?(O)(n)) is the corresponding sequence generated by the

GM(1,1), the error sequence, E® = (8(0)(1),8(0)(2), ...,e(o)(n)), between the actual

data and the predicted data is simply computed by (25).
e@k) = @) — 2O (k) (25)

Then the sequence of relative error, 4 = (44,4, ..., 4,), 1s computed using (26).
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) (k)
x(o) (k)

(26)

. . e 1 . . .
Finally, the average of these relative errors, A = - iL1 4, 1s used as a criterion so

that the smaller A, the more accurate the model. In order to evaluate the model, the
mean relative error (MRE) is compared with one pre-defined value called a critical
value (cv). This critical value shows a level of accuracy so that if A < cv then the
model 1s accurate enough to be used; otherwise, the model is not accurate enough to
be used. Table I shows the frequently used levels of accuracy [82].

Afterwards, the predicted value by the validated model is given to the Fuzzy
controller for decision making. Once the new sample of buffer level becomes
available, the new Grey model is re-established and revalidated using the
aforementioned accuracy check. In the case of accuracy check failure, the current

level of the buffer would be passed to the Fuzzy controller as an input.

Table I. Definition of accuracy levels [51]

Level of Relative Critical value (cv)
Error
1 0.01
2 0.05
3 0.10
4 0.20

To demonstrate how Grey model predicts the level of the buffer, an example is
shown in Fig. 12. The curves of actual and predicted values of the buffer level are
depicted and the bars plotted under the curves shows the relative error levels, as
defined in Table I. As we can see from the figure, the Grey model for the most part
is able to predict the behavior of buffer dynamics with acceptable range (according
to Table I). However, for some segments e.g. 10 and 40 the relative error level is not

in the acceptable range. In this case the predictions will be ignored, and the FLC
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will take the current buffer level as an input. In this example, the relative error
level was considered to be 3 (Table I) so that the prediction results which have an

average relative error less than 0.1 (A < 0.1 ) will be considered by the FLC.

—#— Bufferievel
= Predicted Bufferlevel
[_Erorlevel

MR RS MR L g
SN E SO oS M
i

Buffer Level (Seconds)
Relative Error Level [1-5]

HHH ||||2|UIIIIIEUIIIIIM |||IL[IWHHH”

10 40
Segment Number

Fig. 12.Prediction results of GM(1,1) model and the corresponding relative error level along

with the buffer level dynamic

4.5 FLC design
Our proposed FLC considers both the estimated throughput and the buffer status

for selecting the most appropriate video bitrate and the decision on continuous
download of segments. Fig. 13 shows the components of our FL.C design including:
Fuzzifier, fuzzy inference engine and defuzzzifier. Fuzzy-based controller is useful
for running a complex process, like HAS, which can be comprehended better using
imprecise qualitative knowledge of experts rather than using precise quantitative
models. When Fuzzy logic is used for controlling a process, it can be seen as a
person with expert knowledge controls that process. In contrast to the definition of
membership in the Boolean subset, in which an element definitely either belongs or
does not to a subset, in Fuzzy logic an element can be a member of a subset to some
degree and the extent of being a member of the subset can be determined by a
function, called membership function. In this sense, the fuzzifier is required to map
the crisp input variables to the linguistic variables using membership functions.
These functions are defined based on experts’ knowledge for all fuzzy subsets within

the numerical range of input variables. Therefore, each input variable, depending
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on its crisp value, has various degrees of membership to different fuzzy subsets [83].

In our model, the Fuzzy-based controller is used for bitrate adaptation, this process

0
Rule B Imposed Delay
Base A x Buffer Level
> Defuzzifier Q
P

?

Input

1s expressed as follows:

Bi—» Fuzzifier

?

Input

. ) Estimated Throughput: Quantization (f;)
Membership Membership

Functions Functions

¥ / - ¥ 5 »sp
Di—» Fuzzifier > Defuzzifier Select Ak

sPy,——» =
Logic

auibu3 souaJaju| K

Fig. 13.Block diagram of the FLC

The first variable taken by FLC is the normalized difference between the predicted
throughput and the current selected video bitrate (D;). D; indicates the normalized
mismatch and is computed using equation (27).

r—=T .
Kk ifre =T < 0, T% # Thmin

D, = TR=Tk-1 (27)

=T .
Kk lfrk—Tk> O, Tk;trmax
Tk+1— Tk

where rpand Ty represent the rate of kth representation and the estimated

throughput after downloading the ith segment respectively.

The second input to the FLC is the normalized playback buffer occupancy level

occupied level of buffer)
size of buffer

(B; = or the normalized predicted buffer level

S Predicted occupied level of buffer .
(B, = — Sf buffer S ouit ) based on the value of the relative error level as

mputs. Crisp values of these two inputs are mapped to the corresponding linguistic
variables using the membership functions, uz(D;) and uz(B;), as illustrated in Fig. 14
(a) and (b). The membership function of each subset is an isosceles trapezoid where
the intersection of adjacent membership functions is parameterized by the
parameter a, such that 0 < a < 1. It must be noted that the parameter a is design
specific. The smaller the parameter a, the larger the intersection between the

adjacent membership functions, which means more ambiguities. The larger the

50



parameter a, the smaller the intersection between the adjacent membership
functions, which means less ambiguities. Also, the parameter T 1s used to
parameterize the membership functions of buffer level, and it can be determined
according to the segment duration. Let L(x) be a set of linguistic values being
mapped to all possible values associated with the measurement of crisp variable x.

Then we define L(D;) and L(B;) as in (28) and (29).

L(D,) = { Larg Negative (LN), Negative Small (NS), } 8)
Y | Zero (ZE), Positive Small(PS) , Positive Larg (PL)
L(B;) = {Low (S),Medium (M), High(H), Full(F)} (29)

Having mapped the crisp values to the linguistic values, the FLC then takes
advantage of fuzzy “if/fthen” rules defined in Table II as a descriptive relationship in
order to determine the values of the fuzzy outputs, the video bitrate (V;) and the
indication flag (P,). It is worth noting that in this design we use the Mamdani model

[63] to define fuzzy outputs.

Low Medium High  Full

ds

Segment Duration = T

(a) up(D;) (b) ur(By)

Fig. 14.Input membership functions

Table II. Adaptation algorithm. Symbols for Di and Bi are defined in (28) and (29).
B;

S M H

LN LD/ ND | De/ ND | De/ ND

NS De/ ND | De/ ND | NC/ ND

ZE De/ ND | NC/ND | In/ ND

PS NC/ND | In/ND In/D1
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PL In/ND | In/ ND In/D1

As defined in equation (30), V; takes four values: Increase (In), No Change (NC),
Decrease (De), and Large-Decrease (LD). Increase and Decrease mean that the FL.C
increases and decreases the current video bitrate just by one step. Large-decrease
means decreasing the video bitrate by more than one step and No-Change means
the FLC keeps the current video bit-rate. In case of decreasing the video bit-rate,
the FLC can either be aggressive or conservative, in the former case allowing the
controller to decrease the video bitrate by more than one step to cope with a sudden
drop in incoming bandwidth. Otherwise, in order to smoothly adapt the video bit-
rate to the decreasing bandwidth, the controller conservatively decreases the
selected bitrate step by step. In the case of increasing the video bit-rate, the FLC
acts as a conservative player in order to smoothly improve the quality of video
instead of abrupt improvements which degrade the QoE.

Increase (In), No — change (NC), Decrease (De),} (30)

L(V) = { Larg — Decrease (LD)

Equation (31) defines two possible values which can be assigned to P;, Delay and
No — Delay. It is important to note that P; only determines the need of download
postponement, and does not specify the time of the download. If the linguistic value
of P; is No — Delay, the next download occurs immediately. Because the fuzzy
outputs are discrete, the types of corresponding membership functions are

triangular without any overlap, as shown in Fig. 15(a) and (b).

L(P;) = {Delay (Dl),No — Delay(ND)} (31)
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Fig. 15.The outputs membership functions for the controller’s outputs

Subsequently, the linguistic values of outputs are transformed to crisp values
according to their degree of fulfillment (DOF). Mean of maxima (MOM) is selected
as a method of defuzzification due to the discrete nature of the outputs [54].
Assuming that a linguistic output variable has N singleton type fuzzy subsets,
denoted by k; ( 1 <1 < N), the MOM defuzzification finds the maximum DOF and
returns the corresponding k;. If there are more singletons with the same maximal
DOF, then the output is calculated as the average of these singletons. Finally, the
control parameters are generated based on the extracted crisp value outputs by

means of equations (32) and (33):

f;(ET) ifV;< =3.5%a
sp = |SPei=1 if =35+a<Vi< —15+a A SRy > SPu, 52
SP;_4 if —15xa<V;< 15%a
SP_, +1 ifV,> 15%a A SP,_; < SPpax
~ 0 if P, <0
DL = {,1 x buffer level if P,> 0 (33)

where SP; and DI; are respectively the selected video bit-rate and the amount of
delay that the scheduler has to wait before demonstrating the next segment; fis a
function, which takes the estimated throughput as an input and gives the highest
available video bitrate less than the given throughput. In equation (32), it is
noticeable that for decreasing the video bitrate based on the current context such as

preventing buffer under-run, the FLC has two options to be either aggressive or
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conservative. For increasing the video bitrate, the FLC acts only in a conservative
manner in order to smoothly improve the quality of video instead of abrupt jumps in
quality improvement. Creation of continuous adapted streams, as explained in main
1dea subsection, is possible when there is a representation with greater video bitrate
than the estimated throughput. This allows for a larger segment to be downloaded
for a longer time than the segment play time and consequently decreases the buffer
level. Our proposed method keeps the buffer size away from the full region (see Fig.
15), by increasing the requested video bitrate for the following downloads. In the
situation that postponement of the next download is inevitable, as discussed in [64],
random delay can decrease the probability of players’ biasing. Hence, instead of
generating a random variable, the amount of delay in equation (33) is drawn from
the buffer occupancy, which is inherently stochastic. To prevent buffer over run, our
design of the fuzzy rules allows the fuzzy controller to activate the flag P, to delay
the following segment download when the buffer level enters the full region, see

inequality (34):

5XT < Buffer Level <6 XT (34)

In addition, if we assume that the amount of delay is proportional to the buffer
level, by a factor A. After buffer depletion, the new buffer level would be (1 —2) X
Buffer Level. Moreover, it is desirable that the new level of buffer falls in high region

and holds the following inequality.

4XT <(1—A)XBuffer Level <5XT (35)
To hold both inequalities (34) and (35), A should be in the range

[N

<1<:<.
5

4.6 Summary of Work

The main goal of this chapter was to present our proposed user centric video bitrate
adaptation and bandwidth prediction mechanism for HAS. Our proposed system
takes into consideration the estimation of available network bandwidth as well as
the predicted buffer occupancy level. Features that distinguish our system from
other solutions are: First, we proposed a method to eliminate the ON-OFF traffic

pattern when the estimated available bandwidth i1s less than the maximum
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available video bitrate. Second, we applied KAMA to address the issue of selecting
the proper smoothing factor based on network context. Third, we applied a
prediction mechanism that allows the FLC to proactively respond to current
situations using the predicted buffer level and take appropriate actions sooner,
especially when the chance of buffer underrun/overrun is high. We have also shown
that wrong predictions have no negative effect on the performance of the adaptation
mechanism since the proposed fallback mechanism ignores accuracies that are not
within an acceptable range. In next chapter, we will discuss the performance

analysis of the proposed user centric video bitrate adaptation mechanism for HAS.
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Chapter 5. Performance Analysis
of User-Centric Adaptation

Mechanism

In order to validate the proposed user-centric adaptation mechanism (discussed in
chapter.4), in this section, we discuss the implementation set up and the

experiments results.

5.1 Setup Configuration
We used the network topology illustrated in Fig. 16 to evaluate the proposed

adaptation method against existing methods. The adaptation methods were
implemented in C++ on top of Libdash sample player. At the server side,
DummyNet tool [84] was used to limit the bandwidth of the bottleneck link. Also,
the RedBull video sequence [85], [86] was used with 16 available representations, as
another notable method proposed by [48] is also considered in our comparison as it
makes decision regarding the video bitrate as well as the amount of delay to be
1mposed for downloading the following segment. Herein, we refer to [48] as SARA.

Table III. Video sequence characteristics

Frame Segment
Sequence rate GoP size duration
(Eps) [Video Bit-rate (kbps),corresponding
ps

index]
[100,1],[150,2],[200,3],[250,4],[300,5],
[400,6],[500,7],[700,8],[900,9],[1200,10],
RedBull 24 15 6s
[1500,11],[2000,12],[3000,18],[4000,14],

[5000,15],[6000,16]
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We compare our results with the methods proposed in[42] and [34] as they can
fairly represent the behavior of throughput-based methods and buffer-based
methods, respectively. Below, we refer to these methods as TB and BB, respectively.
Furthermore, we compare our method against [64], referred to as FESTIVE below,
because it directly aims at addressing the problem of unfairness among competing

players.

DummyNet

DASH Client
[ =

DASH Client

Aggregation Router
HTTP Server

Fig. 16.Applied network topology for the test-bed

In TB, the most suitable video bitrate 1s chosen among the available
representations based on smoothed segment throughput (defined in equation (5)) in
which a is 0.3. Also, the level of pre-buffering has been considered to be 30 seconds.
In the BB method, the adaptation mechanism is performed based on the current
level of the playback buffer. For doing so, different buffer thresholds (B1 < B2 <
Bmax) are determined to extract the buffer status and to select the most
appropriate action in order to prevent buffer under run. In the experiment, we use
values for B1l, B2, and Bmax to be 20 seconds, 40 seconds, and 60 seconds
respectively. FESTIVE uses harmonic mean to estimate the bandwidth, which is
more robust for larger outliers. In addition, FESTIVE introduces the randomized
scheduler so that if the playback buffer is more than a pre-defined target buffer, it
postpones the download of the next segment using a random delay drawn from a
randomized target buffer size. The target buffer size for FESTIVE in our setup is
considered to be 20 seconds. Accordingly, the random target buffer size is drawn
from a random variable ranging in (14, 26) with uniform distribution. Similar to

FESTIVE, harmonic mean is also used in SARA. However, in order to have more
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accurate prediction, SARA proposes weighting previously measured throughput
proportionally to the corresponding segment sizes. Therefore, the segment size
information should be provided to SARA along with the corresponding MPD file.
Also, In our experiments, according to the segment duration, i.e 6 seconds, we set

the parameters By, Bg and By, to 10, 25 and 30 seconds respectively.

5.2 Evaluation

The defined experiment sets in this section are intended to demonstrate the
dynamic behavior of the considered algorithms, and to show how our method
reduces OFF periods compared to the other methods. Our experiments are divided
into two sets: (1) single HAS player and (2) multiple HAS players. All of the
experiments were separately conducted for our proposed method, TB, BB, SARA
and FESTIVE.

In the scenario defined for the first set of experiments shown in 5.2.1, a single
HAS player downloads and plays back 60 segments; i.e., 360 seconds. Also, in order
to take into account the impact of cross traffic on the varying available bandwidth,
In our tests, we utilized [87] as a tool to create an aggressive TCP stream. For this
purpose, the client side where the HAS player resides, executes the Iperf server
when the download of the 15th segment is finished, to receive the TCP flow sent
from the server side where the HTTP server is located. This cross traffic is kept up
for 180 seconds. In this scenario, the available bandwidth of the bottleneck link is
fixed at 8 Mbps.

In the second scenario defined for the second experiment set shown in 5.2.2, 3
players compete on the bottleneck link with the fixed bandwidth during each
simulation. The players start streaming randomly within the interval of the
segment duration of 6 seconds. We made this assumption in order to reduce the
chance of biasing. The experiment sets using the second scenario were repeated for
different amounts of the fixed bandwidth ranging from 3 Mbps to 36 Mbps.
Adjusting the bottleneck link’s bandwidth allows us to evaluate the various degree

of OFF periods imposed by our method as well as other considered adaptation
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methods. It should be mentioned that the same pattern of cross traffic as described

for the first scenario is used in this scenario as well.

5.2.1 Experiment Set 1
Fig. 17 shows the HAS player dynamics of all studied adaptation algorithms

including Fuzzy, TB, BB, SARA and FESTIVE for the experiment set (1). As can be
seen from Fig. 17 (a), (c), (e),(g) and (1), during the absence of cross traffic, all
considered adaptation methods increased the video bitrate up to the maximum
video bitrate available in the representation set; i.e., 6Mbps. As Fig. 17 (d) and (f)
show, the playback buffer level of TB and BB remained the same when the cross
traffic did not exist.

However, when the aggressive TCP stream acting as cross traffic started, the
cross traffic and the HAS player started competing on the bottleneck link, resulting
less bandwidth available for the HAS player. This reduction in the available
bandwidth caused a sudden drop in the buffer level for all HAS players using
different adaptation methods as shown in Fig. 17 (b), (d), (f), (h) and (j). As expected,
the largest decrease in buffer was observed for BB (Fig. 17 (d)) as this method is
sluggish to react to changes in the available bandwidth, and the smallest one
happened for TB, as it follows the bandwidth changes very fast. In regard to the
creation of OFF periods, it is obvious in Fig. 17 (b) that, during the competition
period (referred to the period when the cross traffic exists), our method did not
impose any delay while using the other methods resulted in creating OFF periods
during the competition.

As illustrated in Fig. 17 (a), from segment 29 to segment 34, although the
experienced segment throughput had a value in the range of (2.5 Mbps-3 Mbps) and
it is expected that video index 13 be selected, our method selected the one-step
higher video bitrate of video index 14, at 3 Mbps, when the corresponding buffer
level was in the high region (24s — 30s), shown in Fig. 17 (b), and was going up to
enter to the full region (30s — 36s). By doing so, our method kept the buffer away

from being overflowed and consequently there was no need to impose any delay to
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decrease the buffer level. For the buffer dynamics of TB, SARA and FESTIVE, the
methods using standard bandwidth estimation, shown in Fig. 17 (d), (h) and (j), it
can be seen that when the buffer was close to be full, in order to avoid the buffer
overflow, these methods imposes delays to drain the buffer.

It is intuitive that if these methods did not impose any delay on segment
downloading; i.e., if they aggressively downloaded, buffer overflow would have
happened. It is also important to notice in Fig. 17 that the fluctuations in the cross
traffic are highly correlated with the occurred OFF periods. On the contrary, as
shown in Fig. 17 (b), during the downloads of the first 15 segments and last 15
segments when there was no cross traffic, since the available bandwidth (8 Mbps) is
more than the highest available video bitrate of 6 Mbps, our proposed method had
no means to decrease the buffer level when approaching to the full region (30s —
36s), and so it went into OFF mode.

It is also worth mentioning that even though FESTIVE uses randomized delays,
as shown in Fig. 17 (i), it produced considerable fluctuations in the experienced
segment throughput and subsequently instability in the adapted video bitrate. In
fact, FESTIVE just aims at eliminating biasing among HAS players competing on
the bottleneck link, and not reducing the OFF periods. Hence, in scenarios where
there is a cross-traffic TCP stream competing with the HAS stream, it would not be

very efficient, and causes instability.
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Fig. 17. HAS player dynamics of adaptation algorithms including experienced segment
throughput, selected bitrate, and cross traffic of Fuzzy, TB, BB, SARA and FESTIVE shown in
(a), (¢), (e),(g) and (i) respectively, and OFF period and buffer status of Fuzzy, TB, BB, SARA

and FESTIVE shown in (b), (d), (f),(h) and (j) respectively.

5.2.2 Experiment Set 2

The main purpose of the second set of experiments is to measure the degree of OFF
period by adjusting the bottleneck link’s bandwidth when there are 3 players plus
cross traffic competing on the bottleneck link. To better illustrate how the players
compete for available bandwidth, the system dynamics of the 3 homogeneous
players are shown in Fig. 18 to Fig. 22 for the Fuzzy, TB, BB, SARA and FESTIVE
adaptation methods respectively. The bandwidth of the bottleneck link was set to 24
Mbps. When the aggressive cross traffic started, it took almost half of the available
bandwidth at 12 Mbps. This phenomenon can be justified by the fact that the Iperf
uses persistent connections while the HAS players use non-persistent connections.
Hence, in the absence of cross traffic, the fair share of available bandwidth for each
HAS player was 8 Mbps, and in the presence of cross traffic it dropped to 4 Mbps.
Accordingly, it can be seen from Fig. 18 to Fig. 22, that all HAS players were able to
reach the maximum video bitrate available in the video representation set; i.e., 6
Mbps. As illustrated in Fig. 18, the HAS players running our proposed method
fairly share the bottleneck bandwidth when operating along with the cross traffic,
and the curves of segment throughput experienced by the 3 players are relatively

smoother. On the contrary, due to the OFF-period occurrence in FESTIVE, we see
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the unfairness in the segment throughputs; see Fig. 22. Moreover, in Fig. 20, it can
be easily observed that even though the HAS players using the BB method have not
experienced any OFF period when sharing the bottleneck link with cross traffic, the
segment throughput curves show severe fluctuations and unfairness among the
HAS players. In the BB method, the players reacted slowly against available
bandwidth variations as they were waiting for the buffer level to go below the
predefined threshold. For instance, the cross traffic started at the 15th segment
while all of HAS players started responding to this variation after the 20th
segment. In order to restore the buffer level to the reliable threshold and to prevent
from probable video freezes, they had to select bitrates lower than the fair share of
bandwidth and consequently caused instability problems. This is a known problem

of BB schemes and is also reported in[88].

Table IV summarizes the overall performance of the considered adaptation methods
in terms of the average video bitrate as well as the number of switches in the video
level experienced by the 3 HAS players. In contrast to other adaptation methods,
the players using our proposed method faced lower number of switches among
different representations. Also, It can be seen that the Fuzzy and the TB methods
led to higher average video bitrates compared to BB, SARA and FESTIVE.

Table 1V. Performance comparison of the rate adaptation methods

The average The number of
video bitrate video quality
(Mbps) switches
Fuzzy 4.607 9.66
TB 4.762 15.66
BB 4.509 22
SARA 4.468 16
FESTIVE 4.533 18.6
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5.2.3 QoE analysis
In this section we present the evaluation of different adaptation methods

compared to our proposed method in terms of QoE. It should be mentioned that
performing subjective quality experiments based on ITU.T recommendations
including J.343.4 and P.1203 are necessary to capture the real quality of adapted
HAS streams perceived by end users. However, as they are expensive and time-
consuming to perform, and particularly in HAS, any single test scenario is limited
in scope and it requires too many scenarios to cover all combinations, we decided to
use objective quality models as an alternative to subjective tests. It i1s worth
mentioning that objective quality assessment comes with some limitations that

should be considered. Firstly, the scale of objective MOS is generally different from
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subjective MOS. Basically, the scale of subjective MOS is determined by the number
of content quality and impairments present in a given subjective test while the scale
of objective MOS can be infinite. Another limitation is related to the nature of
subjective MOS which i1s a qualitative value obtained from statistical
measurements. On the contrary, the MOS value estimated by objective quality
models is a precise number and it can be considered valid as long as falls in the
confidence interval of the subjective MOS value. This means that objective MOS
should be declared with a confidence interval.

We first evaluate the quality of the streams in offline mode in which the
objective quality scores are measured using three objective quality assessment
metrics, Video Quality Metric (VQM) [59], Structural Similarity Index (SSIM) [60]
and Peak Signal to Noise Ratio (PSNR) for the adapted streams. We used the MSU
Video Measurement Tool [64] to compute the metrics. As can be seen in Fig. 23(a),
(b) and (c) which illustrate the computed PSNR, SSIM and VQM, respectively for
the players using our proposed method, the quality scores show the degradation in
quality for each frame alone, while the viewer’s perception is subject to both recent
few-seconds observed frames as well as the worst quality section in a video
sequence. Therefore, we need a temporal pooling method as a means to compute a
single quality score for the entire video sequence. There are various pooling
methods that can be wused including histogram, Minkowski summation,
exponentially-weighted Minkowski summation, Mean Value across (MVA) a
sequence etc. [24]. For simplicity, we use the MVA for computing the quality score

of each sequence.
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We performed 15 runs for all players using different adaptation methods. Fig.
24(a), (b), and (c) show the average and the standard deviation of the computed
quality scores for PSNR, SSIM and VQM respectively. It is worth mentioning that
PSNR and SSIM give higher scores to video sequences with higher quality, whereas
VQM gives lower scores to video sequences with higher quality so that its score
would be zero for lossless video. From the figures, we can notice that almost all the
players using our proposed method experienced higher average quality compared to
other methods. In addition, in our proposed method, the players’ QoE is relatively

comparable, whereas the players using other methods face larger variances of QoE.
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Although the previously used objective quality metrics are most widely used,
their results for HAS streams do not always correlate perfectly with the perceived
visual quality of the human visual system which is non-linear [22]. To carry out the
better assessment, we also present the evaluation of different adaptation methods
compared to our proposed method using a model considering the most important
factors influencing the viewers’ perception. According to [50], [52], [59], [60] which
propose QoE models for HAS, average quality of selected representations, number
and magnitude of switches among different representations and frequency and
duration of freezes are considered as the most important factors having impact on
QoE. Hence, the linear model provided in equation (36) [60] is used to estimate the
Mean Opinion Score (MOS) of the adapted video stream.

eMOS =5.67 X i — 6.72 X 6 — 4.95 X @ + 0.17 (36)
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Where p and o denote the average and standard deviation of quality of segments
constituting the adapted video stream respectively, and @ indicates the impact of
choppy playback considering the number and duration of video playback freezes.
However, as explained in [52], in order to capture the quality of each chunk
belonging to different representations, different metrics including PSNR, SSIM,
chunk-MOS and the index of quality levels can be used. As chunk-MOS is usually
not available, and PSNR and SSIM are very sensitive to video content, it is
concluded in [52] , that using quality level indices yields the most reliable results in
terms of predicting the real MOS. To this end, in our evaluation, the quality level
indices were used such that the obtained results are within range [0.0 5.3697]

which is very close to the typical range of MOS, [1 5].

Table V presents the computed eMOS using the results obtained from
experiment set 2. The results of eMOS show that the Fuzzy outperforms TB, BB
and FESTIVE methods in terms of average eMOS. Although the average eMOS of
SARA 1is slightly greater than the Fuzzy, it can be seen that the players using the
Fuzzy experienced quite similar qualities as opposed to the SARA players whose

satisfaction levels are considerably different.

Table V. The computed eMOS for the rate adaptation methods

Player 1 Player 2 Player 3
Fuzzy 4.1 4.2 4.1
TB 4 3.8 4
BB 4 3.7 4.1
SARA 4.2 3.9 4.4
FESTIVE 4.1 4 3.8

5.2.4 OFF period analysis
In order to evaluate the performance of our proposed method and the other

studied adaptation methods in terms creating OFF periods, extensive experiments

were conducted based on the experiment set 2 for different amounts of the
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bottleneck link’s bandwidth including 36 Mbps, 24 Mbps, 18 Mbps, 12 Mbps, 6
Mbps and 3 Mbps.

The results of these experiments are presented in Table VI in the form of
average and the standard deviation of measured OFF periods created by different
adaptation methods. According to the results provided for 36 Mbps, it is obvious
that the average of OFF periods experienced by all HAS players using different
adaptation methods are quite similar indicating that when the fair share of
available network bandwidth is greater than the highest video bitrate available in
the video representation set, adaptation methods have no means to prevent from
buffer overflow other than delaying the download of subsequent video segments.
However, regarding the standard deviations, it can be seen that the OFF periods
created by Fuzzy method and FESTIVE method were drawn from wider range of
values compared to other methods. This implies that Fuzzy and FESTIVE try to
randomize chunk scheduling to improve stability and fairness among competing
players. In the experiments where the available bottleneck link bandwidth was set
to 24 Mbps, as shown in Fig. 18 to Fig. 22, the available bandwidth for each HAS
player is less than the maximum video bitrate in the presence of cross traffic, and
Fuzzy can use the one-step increase in the video bitrate as a means to not impose
any delay. As expected, the results provided in Table VI shows that our proposed
Fuzzy method reduced the average of OFF periods by almost 29%, 28%, 34% and
20% compared to TB, BB, FESTIVE and SARA respectively. When the available
bandwidth was limited to 18 Mbps, we still see that Fuzzy method caused OFF
period, as the fair share of bandwidth for each HAS player in the absence of cross
traffic was equal to the maximum available video bitrate. On the other hand, for the
scenarios in which the available bandwidth was set to 12 Mbps, 6 Mbps and 3 Mbps,

our proposed method were able to completely eliminate the OFF periods.

Table VI. OFF period statistic results

Available Fuzzy TB BB FESTIVE SARA
Bandwidth | Avg(s) | Std(s) | Avg(s) | Std(s) | Avg(s) | Std(s) | Avg(s) | Std(s) | Avg(s) | Std(s)
(Mbps)
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36 2.2381 | 3.32 2,517 |0.767 | 2,531 | 0.765 | 2.421 | 2.682 | 2.35 0.977
24 0.775 | 2.1567 | 1.093 | 0.582 | 1.079 | 0.598 | 1.177 | 2.013 | 0.975 | 0.687
18 0.202 | 1.099 | 1.255 | 0.416 | 0.548 | 0.552 | 1.015 | 2.004 | 0.719 | 0.682
12 0 0 0.825 | 0.307 | 0.958 | 0.33 0.964 | 1.74 0.855 | 0.465
6 0 0 1.007 ] 0.318 | 1.043 | 0.316 | 1.088 | 1.742 | 0.917 | 0.463
3 0 0 1.30 0.412 | 1.36 0.393 | 1.381 | 2.73 1.232 | 0.555

5.2.5 Empirical Analysis

In this section we define a competition scenario in which four homogeneous
players using different studied adaptation methods compete for 300 seconds on the
bottleneck link whose available bandwidth is fixed at 8 Mbps. In this scenario, we
did not consider the cross traffic to statistically investigate the behavior of HAS
players themselves in terms of sharing the available bandwidth.

We have conducted 50 runs for each adaptation method and then the average of
segment throughput experienced by each HAS player over each run was taken. The
first 5 samples were not considered in the averaging process, to only take into
account the samples measured when the system was stable. The average segment
throughput obtained from each run can be thought of as a realization of a random
process in which the bottleneck link is shared among the HAS players. Afterwards,
the ensemble of these 50 sample realizations allows us to construct the empirical
cumulative distribution function (ECDF) of the segment throughput experienced by
each HAS as an estimation of the real CDF. Fig. 25(a), (b), (c), (d) and (e) present
the distributions of the players’ segment throughputs in the form of CDFs. We also
use the two-sample Kolmogorov-Smirnov (2S-KS) test [89], [90] to capture the
analysis of the experienced throughput. This test measures the distance between
two empirical cumulative distribution functions (ECDFs). Based on 2S-KS, we test
the null hypothesis (Hy) that the ECDFs of two players (denoted by P; and P;) using
the same adaptation method are drawn from the same CDF at the 5% significance
level (Hy: P, = P;,1<i<4, 1<j<4,i+#j). The computed pairwise values of H,
and p-value for the four players, considering the different types of adaptation
methods, are reported in Table VII. According to the value of significance level, i.e.
5%, if p-value >0.05 then H, is accepted (H, = 1); otherwise, it is rejected (H, = 0).
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As can be seen from the reported values of the proposed method in Table VII, the
test of the null hypothesis for the four players are accepted which means that the
ECDFs of the four players are similar. We can conclude that when the players use
our proposed method, they fairly share the available bandwidth. The results for TB
reveal that the ECDF of player 2 (P2) is similar to the ECDF of player 4 (P4) while
the ECDFs belonging to player 1 (P1) and player (P3) are akin to each other. Fig. 25
(b) shows that P4 on average uses more bandwidth than its fair share, whereas P1
uses less. The 2S-KS results for players using the BB method indicate that the
ECDFs of P1 and P3 and the ECDFs of P2 and P4 are pairwise alike. Also, the 2S-
KS results of BB players show that the ECDFs of P1, P2 and P4 are comparable
while different that P3. In conclusion, the players using our proposed method share
the available bandwidth in a fair way, whereas in the other methods, some players

suffer from being over or under the fair share.
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Table VII. Two-sample Kolmogorov-Smirnov results

Proposed method TB
(Ho,P-Value) a=0.05 (Ho,P-Value) a = 0.05
P1 P2 P3 P4 P1 P2 P3 P4
P1 - (1,0.507) (1,0.317) (1,0.2408) P1 - (0,0.017) (0,5.3e-13) | (0,7.1e-05)
P2 (1,0.507) - (1,0.423) (1,0.6779) P2 (0,0.017) - (0,3.6e-06) (1,0.24)
P3 (1,0.317) (1,0.423) - (1,0.0560) P3 | (0,5.3e-13) (0,3.6e-06) - (0,0.002)
P4 | (1,0.2408) (1,0.6779) (1,0.0560) - P4 | (0,7.1e-05) (1,0.24) (0,0.002) -
BB FESTIVE
(Ho,P-Value) a = 0.05 (Ho,P-Value) a = 0.05
P1 P2 P3 P4 P1 P2 P3 P4
P1 (0,1.23e- (1,0.507) (0,0.002) P1 - (1,0.954) (0,0.004) (1,0.358)
06) P2 (1,0.954) - (0,0.031) (1,0.154)
P2 (0,1.23e- - (0,2.9¢-09) | (1,0.095) m (0, 0.002) (0,0.031) - (0,0.035)
06)
P3 | (1,0507) | (0,2.9e-09) - (0,1.7e-04) P4 (1,0.358) (1,0.154) (0, 0.035) )
P4 | (0,0.002) (1, 0.095) (0,1.7e-04) -
SARA
(Ho,P-Value) a = 0.05
P1 P2 P3 P4
P1 - (1, 0.3125) (0,0.1875) (0,0.1765)
P2 | (1, 0.3125) - (0,0.1750) (1,0.35)
P3 | (0,0.1875) (0,0.1750) - (1,0.2875)
P4 | (0,0.1765) (1,0.35) (1,0.2875) -
Afterwards, we compute the estimated MOS using the model provided in

subsection 5.2.3 to evaluate the different adaptation methods in terms of QoE. Fig.

26 shows the average eMOS along with its 95% confidence interval for each

adaptation method. It is worth mentioning that the results were obtained for all
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players using the same method across 50 runs of defined scenario in subsection
5.2.5.

It can be observed that on average, the players using our proposed method
(Fuzzy) experienced higher average video quality compared to players using other
methods. However, the average quality of SARA and FESTIVE are slightly lower
than that of proposed method. Accordingly, it can be concluded that Fuzzy, SARA
and FESTIVE perform rather similarly when taking into account the average
eMOS. In addition, the results for TB and BB indicate that they achieved much
lower average quality compared to other methods.

The main reason behind that is due to inaccurate estimation of throughput
obtained from smoothing measured segment throughputs using the constant
smoothing factor while SARA and FESTIVE use weighted harmonic mean to
estimate the available bandwidth. It should be noticed that BB does not make use of
estimated bandwidth when the buffer level falls in some predefined ranges; so it
shows better performance than TB. Moreover, in order to measure the consistency
between HAS clients using the same adaptation method, the standard deviations of
eMOS, together with their 95% confidence intervals, are provided in Fig. 27. The
magnitude of this standard deviation represents the size of difference among the
average eMOS experienced by the HAS clients. On average, the Fuzzy method was
able to reduce eMOS deviation by 34%, 43%, 6% and 18% with comparison to TB,
BB, SARA and FESTIVE methods respectively. FESTIVE presents relatively good
performance by randomized chunk scheduling, and mitigates the issue of unfair
bandwidth allocation among competing HAS players. However, results of Fuzzy and
SARA methods show the lower standard deviation compared to FESTIVE which
result from this fact that both of which eliminate OFF periods when possible (for
Fuzzy when there is representation with higher bitrate than estimated bandwidth,
and for SARA when the playback buffer is not completely full) by continuously
downloading the following segment. It can be observed that TB and BB shows the
worst performance that indicates there is a considerable difference among the video

quality perceived by the HAS clients using these methods. These results also
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support this fact, which is neglected by many HAS adaptation methods, that the
proper segment download scheduling method is able to improve the video quality

perceived by different HAS clients sharing bandwidth on a bottleneck link.
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5.2.6 Fairness analysis
Finally, we investigate the fairness of our proposed method compared to TB, BB

and FESTIVE. We conduct an experiment with different number of players. We
assume that the available bandwidth of the bottleneck link is fixed such that each
player is assigned 2 Mbps of the share bandwidth. For instance, if 8 players use the
bottleneck link, the available bandwidth is fixed at 16 Mbps.

In each run, we calculate the fairness using Jain index [91]. Fig. 28 plots the
average of the unfairness index across the different number of the competing
players. The average fairness measured by Jain index experienced by the players
using our proposed method is almost 80%, 28%, 39%, %35 more than that of TB,
BB, FESTIVE and SARA respectively. However, the unfairness indices of our
proposed method and FESTIVE slightly vary for different number of players
whereas the unfairness indices of TB and BB considerably change as the number of
players increases.

These results reveal that although FESTIVE strives to eliminate the biasing
event among the competing players and show a flat behavior across different
number of players, the existence of OFF-periods gives the opportunity to take the

bandwidth and cause unfair bandwidth utilization. The players in our proposed
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method share the bandwidth fairly because they use progressive download when the

shared bandwidth is less than the highest available video bitrate.
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5.3 Summary of Work

In this chapter, we have presented the system simulation and experimental
results to show that the proposed user-centric user centric video bitrate adaptation
and prediction mechanism for HAS can provide better performance compared to

other existing solutions in terms of fair bandwidth allocation and quality of streams

perceived by players.
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Chapter 6. Network-Assisted
Approach for HAS Video
Streaming in Mobile Wireless

Networks

6.1 Main Idea

From the service providers’ perspective, maximizing QoE for an individual HAS
player is not only important, but also attaining fair satisfaction of all HAS users is
their ultimate goal. However, according to current implementations of HAS players
where the adaptation logic resides at the client side, achieving such a goal in
providing HAS services is non-trivial due to the shortcomings discussed in
subsection 3.2. Moreover, in case of mobile wireless network delivery, there are two
major challenges that hinder the efficiency of HAS: First, HAS adaptation methods
use the average network throughput measured for previously downloaded video
segments as an indication of network condition and the available bandwidth.

In a wireless network, the radio channel conditions can significantly change over
a short period of time, and due to device mobility, the measured TCP throughput
does not reflect the real network condition. This leads to an inaccurate estimation of
the network bandwidth. Secondly, in mobile wireless networks, the available
bandwidth for each user is proportional to the amount of radio resource allocated to
that user by a scheduler operating at a base station (e.g., eNodeB in Long-Term
Evolution (LTE)). Since the scheduler does not have any knowledge regarding the

streamed video, i1t does not take into account the content characteristics in the
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process of scheduling. As a result, it potentially jeopardizes the video stream’s
perceived quality, which is the ultimate goal of all adaptation algorithms in HAS.

To overcome the aforementioned issues, the recent 3GPP DASH specification [92]
provides HAS clients with QoE measurement and reporting features. These built-in
features enable network operators to enhance the quality of experience in their
service provisioning [93]. The new QoE monitoring and reporting framework and
the complete knowledge of the mobile network regarding mobile devices’ locations
and channel qualities open up collaboration opportunities between the video hosting
service providers and the network operators to consider the characteristics of
multimedia contents in optimizing resource allocation and enhancing users’ QoE. To
this end, in this section, we propose a novel method for optimizing the QoE of videos
delivered with HAS over the Evolved Packet System (EPS) based on the new built-
in QoE measurement and reporting features. Our main objective is to maximize the
HAS users’ QoE. According to [92], factors such as average bitrate and temporal
bitrate changes contribute to that main objective.

However, since under some circumstances, they are contradicting so that
optimizing based on one factor might have a detrimental impact on others,
maximizing the overall QoE while considering all contributing factors would not be
easy to achieve. To overcome this issue, we formulate the problem of maximizing
the overall QoE as a multi-objective problem that maximizes the average bitrates of
all HAS users and minimizes the switching up and down among different
representations (i.e. the main reason of QoE degradation [27]). Then, HAS users are
being informed of the optimum bitrates by receiving the periodical updated MPD
files from the mobile wireless network. To take advantage of well-known continuous
optimization techniques and to decrease the computational complexity, we relax the
formulated problem by converting the discrete optimization problem into a
continuous form. Finally, we propose a gradient-based heuristic method to solve the

continuous optimization problem.
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6.2 Proposed Optimization Framework

Fig.29, shows the proposed signalling structure based on the policy and charging
control (PCC) architecture [24], [94], [95] for the Evolved 3GPP Packet Switched
domain. It should be mentioned that, for the first time, the concept of policy level in
the PCC architecture was proposed in LTE-Advanced Release 10, known as 5G
networks. In this proposed signalling model, it is assumed that each Internet media
service provider is given a separate Access Point Name (APN), and each APN is
associated with an Application Function (AF). As explained in 2.6.3, the AF is in
charge of interacting with the application running at UEs, e.g. SIP agent and HAS
application, to extract the session-level information from the corresponding session
protocols. In accordance with the HAS service, the session information can be the
information embedded in the MPD file like the available representations of the
requested video. Moreover, the HAS clients are also informed to use the
corresponding AF as a server to report their QoE feedbacks including average video
bitrate, temporal quality changes, and re-buffering time. Upon reception of updates
from either currently established HAS sessions or QoE updates, the AF 1is
responsible for reporting the new information to the Policy and Charging Rules
Function (PCRF) entity through the Attribute-Value-Pairs (AVPs), which are
embedded in Authenticate and Authorize Request (AAR) messages over the Rx

interface.
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Based on the above description, the received information is then passed to the
proposed optimizer employed at the PCRF to specify and to manage QoS-related
parameters for each HAS flow. It should be noted that in our proposed method, it is
assumed that resource slicing techniques are applied such that the resource
management of HAS flows is separated from other types of data traffic. Hence, the
optimizer just determines the resources to be used across the HAS flows. By using
the resource slicing technique, any change in one slice does not influence the
allocation of resources to other slices. In addition to the information received from
the AF, the optimizer may interrogate the Subscription Profile Repository (SPR)
regarding subscriber related information, as described in 2.6.3. The collected
information is then passed to the proposed optimizer as inputs to allocate the radio
resource to the HAS flow to maximize the quality perceived by each HAS client.
Then, the decisions regarding the resource allocated to each flow are converted to a
set of PCC rules by the PCRF. Afterwards, the PCRF sends new or modified PCC
rules to the Policy and Charging Enforcement Function (PCEF) located at the PDN

Gateway where these rules are mapped to a particular IP connectivity access

81



network (IP-CAN) bearer by the Bearer Binding Function (BBF). The PCEF is also
responsible for performing policy enforcement and providing user data flow
handling as well as QoS handling. Moreover, the decisions made by the PCRF and
authorized by the PCEF are transferred back to the AF using the already defined
Authenticate and Authorize Answer (AAA) messages such that there is no need to
define a new messaging mechanism. According to the authorized QoS parameters,
the AF creates MPD updates to be downloaded by HAS players at pre-determined
intervals. This cooperation enables HAS players to adapt their requests for the
following video segments to the resources allocated by the radio network. As the
main objective pursued in this model is maximizing the overall user satisfaction,
our goal is to optimize the allocation of the radio resources according to quality
indicators reported by HAS players. Consequently, the appropriate QoS parameters
can be determined to drive the HAS players to select the best fitted video according
to radio and network configurations. The objective functions of the proposed

optimization mechanism are discussed next.

6.3 System model

The access network of LTE consists of a network of eNodeBs (eNBs). eNBs can be
indexed by the set E = {ei,es,...,er} where L is the total number of existing eNBs.
The set of UE; = { uei 1, ueig, ..., ueixi } 1s defined to represent the total k; of UEs
served by the ith eNB, denoted by ei;. As explained before, since the resource
management of HAS flows is separated from other types of data traffic, we consider
only UEs that receive HAS flows. In accordance with the type of bearer, as
explained in [96], EPS bearers are conceptually categorized into different classes,
and each class is recognized by a QoS Class Identifier (QCI). QoS classes are
generally divided into two main categories, namely, Guaranteed Bit Rate (GBR) and
non-Guaranteed Bit Rate (non-GBR). In GBR, when establishing the bearers, they
are associated with bitrate parameters to support allocation of a guaranteed bitrate,
while in non-GBR bearers, bitrates are not guaranteed. According to 3GPP

technical report TS 26.247 [97], using the GBR bearers for HAS flows produces
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higher performance in contrast with non-GBR bearers. Therefore, it is assumed that
one dedicated GBR bearer is set up for each HAS flow by the serving gateway and
the corresponding eNB. Let M;; be the total number of available video bitrates
(available representations of a video sequence), which can be requested by ue;; (jth
UE interacting with itt eNB). For example, for M1 = m, where m 1s the available
video bitrate levels, uei1 has m available choices of bitrates, {r111, r1,12,.., r1,1,m}, to
select from. After having defined the notations, the problem of resource allocation
across multiple HAS UEs served by different eNBs is formulated as a multi-
objective discrete-optimization problem in which two main objectives, including
maximizing the overall QoE and maximizing the stability are pursued, these

objectives are explained in the following section.

6.4 Objective functions

The first objective function, denoted by 0,, is defined to maximize the average
perceived quality experienced by all HAS users using the same APN. To this end, a
parametric utility model, U(r), 1s derived for each user to capture the corresponding
video characteristics. We adopt a sigmoid function as proposed in [98] to model the
objective quality measured by either PSNR or SSIM for different values of video
bitrate where U(r) =1/(1 + e 2"). A represents the rate of change in utility curve,
and in other words, how quickly the PSNR and SSIM deteriorates or improves when
the bit rate (r) is decreased or increased respectively for a particular video sequence.

Hence, the first objective is achieved by the maximizing the total utility of video
bitrates assigned to multiple HAS users across all serving eNBs, and can be
formulated as in equation (37).

M
l

ki ij
01: Yiy 2L, 2 _ Uij(rij)xijy (37)

where x;; is a binary variable, equal to 1 if the j*» UE in the it eNB is assigned the

Ith level of video bitrate (ry;), and equal O otherwise. The second objective function,

indicated by 0,, is defined to minimize the up and down switching between different

representations during playback which may lead to QoE reduction [27]. Accordingly,

&3



1t 1s important to have a scale to quantify the impacts of quality changes. To do so,
we employ Just Noticeable Difference (JND) [32] to capture such effects. Assuming
that all video bitrates in a representation set are spread out with fixed distance in

terms of JND (e.g. 1.5 JND), a function D(ri,r]-) can be defined as in equation (38) to

estimate the perceived quality difference between two different qualities.

D(ry,7;) = |i — jl * FD (38)
where r; and rj are the video bitrates of two different representations, and FD is a

fixed distance in JND unit. Now we can define the objective function 0, using

D(ri, r]-) as follows:

ki Mij .
04 Xiy XLy X2 D(riju, 1 )Xo (39)
where r;;" denotes the video bitrate of the video segment selected in the last round

for the jt» UE in the it eNB. Also [ is used as an index specifying the ("
representation in the representation set available for the video sequence requested

by uei;.
6.5 Bi-objective discrete optimization problem

Having defined the two objectives, O; and O,, allows us to introduce the bi-

objective optimization problem P, as follows:

P;:max{0;}, min{0,} = min{—04, 0,} (40)
Subject to:

> o [rc—f]l] Xij1 < Npax Vi € {1,2, ..., L} (41)
Yo xin = 1Vi € {12, ., L}, V) € (1,2, ..., k;} (42)
xiji € {01}vie{1,2,..,L},Vje{12 .. .k}, vie{12 .., M} (43)
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Bi;+ (-T + %)xiﬂ > By Vi€{12,..,L},Vj €{1,2,..k;},VI€{12,..,M;;}  (44)
ijl

Equation 40 represents the problem of bi-objective optimization that aims to jointly
minimize the up and down switching between different representations during
playback and maximize the overall quality among all HAS UEs. As explained in
[99], it is assumed that N,,,, resource blocks, i.e. the quantum of allocatable
physical radio resource, are assigned to the HAS flows by the resource allocator
running at each eNB. Moreover, as the UEs can have various link qualities,
depending on the modulation and coding scheme (MCS) that the ith eNB utilizes for
the jth UE, the maximum achievable bitrate to transmit to the UE per resource

block is denoted by c;. Hence, the total number of required resource blocks that

satisfies the requested bitrate rj; would be [?] Constraint (41) ensures that the
ij

number of total resource blocks allocated to the UEs served by the same eNB cannot
exceed the maximum capacity of resource blocks designated for HAS flows in the
base station. Constraint (42) ensures that exactly a single video bitrate among the
different video bitrates is being selected for each HAS UE. It is worth mentioning
that as the total number of available representations, M;;, can be different for
different users depending on the requested video sequence, x;;; in constraint (43) is
used as a decision variable to check whether the 1th level of the video bitrate is
selected or not by the jth UE. Finally, using the average throughput
(denoted by AR;j;) and the current level of playback buffer (Bj;), which are measured
and reported by each HAS UE as QoE feedback, enables us to define constraints
(43) to keep the buffer level of each user above the predefined threshold (By,). In

constraints (44), T denotes the duration of each segment in seconds.

6.6 Bi-objective continuous optimization problem

Problem (40) can be considered as a 0-1 Knapsack problem with a slight difference

in coefficients. Dynamic Programming (DP) is a commonly used technique to solve
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such a discrete problem. However, the time complexity of DP increases in pseudo-
polynomial fashion to the input size. To have better intuition regarding the scale of
the input size of our problem, let us consider an LTE access network with 10 MHz
bandwidth.

The total available resource blocks (RBs) per frame at 10 ms are around 500. If
the proposed scheduling is performed every second, the number of RBs for downlink
would be applied around 20000. Hence, the large value of input size makes the DP
method impractical to apply for problem (40). To solve P, with reasonable and
manageable complexity, we utilize the most widely used relaxation approach in
which the discrete decision variables are replaced by continuous variables. These
replacements relax our problem and remove the restriction of being discrete, and
allow us to benefit from well-known continuous optimization techniques. Once the
optimal solution of the relaxed continuous optimization problem is obtained, the
optimum values can be quantized to the nearest feasible discrete solution. However,
it is worth noting that the quantized optimal solution is not necessarily the optimal
solution of the discrete optimization problem. Assuming that the rate allocated to
each HAS UE, 1y, is a continuous variable ranging from the lowest video bitrate to
the highest video bitrate available in the set of representations of the video

sequence requested by that UE, the continuous form of P; can be expressed as (45).

1 ki — ki =~ *
Py:min{—Xii XL, Uy (7)), Biea 255, D (7,73} (45)
Subject to:
ki Ty .
Zi=1c_i,- < Ny Vi€ {1,2,...,L} (46)
g STy STy, VEE (12,135 € (12, k) (A7)
By + (=T +—2) > By Vi € (1.2, L}, Vj € {12, .., k;} (48)
ij
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As can be seen in (45), the binary decision variable x;;; , which selects a discrete

value from the available video bitrates in the representation set {rjj;, i, ...,ri]-Mi].}

for the HAS UE, is ignored, and rj; is substituted with a new continuous decision
variable fj; . Also, constraint (47) is defined to guarantee that the allocated bitrate

1s in the range of rj; and TijM;; » 1.e. the lowest and the highest video bitrates

available for the video requested by the jth UE in the 1tnh eNB respectively. Similar to
constraint (44), constraint (48) ensures that according to the current knowledge of
average throughput experienced by each user (ARj), the allocated bitrate to each
UE (f;)) does not result in a buffer level (Bjj) less than the predefined threshold (Byy).

After having formulated a multi-objective continuous optimization problem P,,
there is another important aspect of P, that needs to be dealt with. The optimization
P, contains two conflicting objectives, maximizing both the utility and the stability
simultaneously. In other words, P, tries to increase the overall bitrates allocated to
all UEs, which in turn requires switching of the video bitrate. This switching
increases the instability, which conflicts with the second objective of trying to
maximize the stability. Hence, the solution to the problem depends on the trade-off
level between the opposing objectives, and as different levels of trade-off can be
defined, there can be more than one unique solution. A set of solutions for the multi-
objectives problem is referred to as Pareto Optimal solutions or Pareto frontier.

To demonstrate how Pareto solutions of P, can be obtained, we employ the
Normal Boundary Intersection (NBI) technique among the available approaches
used for capturing the Pareto frontier. NBI generates a set of Pareto points evenly
spread out in the design space [100]. Moreover, since NBI produces solution points
uniformly distributed on the boundary, it outperforms the weighted sum in terms of
finding the best solution point in the Pareto frontier. Before discussing the NBI
algorithm, the following notations are introduced.

(2 (z€e{1,2}4,ie€{1,2,..,L},j€{12,..,k}) represents the optimal allocated
bitrates to all users obtained for 0, and 0, separately. Variable z is used to indicate

the number of objectives.
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0; (z € {1,2}, 0j € R ) denote the corresponding optimal values of objective functions

(01 = 04(f;" (D), 05 = 0,(5"(2)) ).

Utopia Point (0%) is defined as a vector of 0;(z € {1,2}) on the objective space ( R?),
([01,03D.

zth anchor point (0%) is a vector of values of all objective functions obtained for

£y (2).
NBI generally includes four steps:

Step -1: Individually perform optimization problems 0, and 0, that yield anchor
points (0%, z € {1,2)).

Step -2: Generate 2X2 pay-off matrix ® as follows:

) 0 01 (7' (2) - 0;
0, (7" (M) - 03 0
Step -3: Generate the weights, B=[; fB,] so that B; > 0,8, >0and B; +, =1 are

o JVie{1,2, .., L}, V€ {12, ... k;}

satisfied. Hence, ®B samples the line segment (so-called Utopia line) connecting

0''and 07",

Step -4: Having selected B, perform the following sub-problem (SP), defined in
equation (45), to find the intersection point between the normal originating from
Utopia line (®B) toward the origin and the Pareto frontier that has the maximum

distance (T1):

SP:maxTt
Vi€ {121}V € {12k}t (49)
Subject to:
Sty o < N Vi € (1.2, L) (50)
N <y < Tyju,, Vie {12 ..,1},vj € {12, ..k} 1)
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X

’ZRrT]) > By, Vie{1,2,...,L},Vje{1,2,.., k;} 52
ij

op+1.n=[0.(F) 0,(f)] Vi€ {12 ..,L},vj€ {12 ..k} (53)
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Fig. 30 Pareto frontier obtained using NBI

The constraints (50 51 and 52) ensure the feasibility of the selected bitrates
(f,,vie{1,2,..,L},vj € {1,2,..,k;}) for all HAS UEs with respect to the constraint

set defined in P,. Constraints in (53) ensure that [01(171]) OZ(I‘T])]T are exactly
located on the Pareto frontier. As an example, we consider a population of 12 users
whose Bj; and ARj; follow the uniform distribution. The obtained Pareto frontier is
illustrated in Fig. 30. As depicted in Fig. 30 a total of 100 evenly spaced points on
the Utopia line are used. Each of these points are associated with unique values of

Biand B, so that B, + B, = 1.

6.7 Single objective continuous optimization problem

As shown in the previous section, finding points of Pareto frontier (a set of optimal
solutions) requires performing several recursions of a problem (49) for different
combinations of B;and (3,. Hence, capturing Pareto solutions is usually inefficient in
terms of computational complexity, and considered as an NP-hard problem.

Generally, finding the whole Pareto frontier is not important, and finding one
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preferred point on the Pareto frontier would be enough. To address the challenge of
finding a single point on the Pareto frontier in a multi-objective optimization
problem, the multiple objectives can be combined into one single objective. This
method 1s generally referred to as scalarization or the weighted-sum. In this
method, first, each objective is multiplied by a weighting coefficient presenting the
preference or importance of the corresponding objective determined by the decision
maker. Afterwards, the single objective is formed by summing up the weighted
objectives. In this way, we have a new single objective optimization problem whose
solution is a Pareto point. The linear scalarized version of problem P, can be

expressed as follows:

P3: mln(_wl 2%:1 Zj:l Uij (rlj) + w; Z%:l Zj:l D(rljl rij )) -

min(Zi; By (~01U3() + w02 D(E, 13y")) (54)
Subject to:

Zﬁlg’j <N, Vi€ {12 ..,L} (55)
Tijp < Ty < Tiju, vie{1,2,..,L},vje{1,2,...,k;} (56)
By + (—T + TAXRT) > By, Vi€ {1,2,...,L},Yj € {1,2, ., k;} (57)
Y2 w,=1,w,>0VneE{1,2} (58)

Where w; and w, are weighting coefficients, and correspond to the relative
importance of the objective O; and 0, respectively. Although the weighted sum
approach can be utilized to define the single objective problem as a convex
combination of different objectives, determining the optimal weights is not a trivial
task. Even if a priori satisfactory solution is known by the decision maker, setting
the most appropriate weight coefficients is not straightforward since small changes
in weights may result in dramatic changes in the optimal solution. To cope with this

problem, we propose to use a QoE model that determines the significance of
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different involving factors on the quality perceived by the HAS users. According to
[60], [60], [101], which propose QoE models for HAS, the average quality of selected
representations, number and magnitude of switches among different
representations, frequency and duration of freezes are all considered as the most
1mportant factors influencing the QoE. The linear model provided in equation (59)
[60] 1s used to estimate the Mean Opinion Score (MOS) of the adapted video
playback.

eMOS =5.67 X u— 672X g —4.95 X @ + 0.17 (59)

Where p and o denote the average and standard deviation of quality of segments
constituting the adapted video stream respectively, and @ indicates the impact of
choppy playback considering the number and duration of video playback freezes.
With regard to the analogy between the objectives considered in problem P; (54) and
the QoE model (59), we can utilize the coefficients of corresponding parameters in
the QoE model. However, before applying them in problem P;, these coefficients
should be normalized to meet the constraint (58). Accordingly, 0.45 and 0.55 are

obtained for w; and w; respectively.

6.8 Lagrange Dual Problem (Dual Problem)

The optimization problem P; in equation (54) 1is constrained nonlinear
programming (NLP). Since Lagrange methods provide an effective approach to solve
constrained NLPs, firstly, we define the Lagrangian associated with equation (54)
by dualizing the constraint sets (565) and (57) with the Lagrange multiplier sets, A

and v respectively. The Lagrange dual function can be expressed as below:

L(75, A,v) = (=045 Bhy 51, Uy (7)) + 0553k, 54, D(7my)) + Bk (z] 17 Nmax>+

iL:1 Zflzl Vij <_ <B” + ( T + Tt:;])) + Bth) (60)
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Then, the Lagrange dual function can be introduced as the infimum of Lagrangian

over possible values of 77, (r;j; <7, < TijMy; vie{1,2,..,L},Vj e {12, ..,k}).

L(A,v) = infg; L(7,,Av) = infﬁj(f(x) + X lig(x) + Xy Z?iﬂ vijh(x) ) (61)
Where
F(7) = ~045 3E, B, Uy () + 055 By 34, D))

~ ki Ty
g(rl]) = Zjl=1£_Nmax
ij

n(#) = — (Bl-,- + (—T + 1?)) + By
ij
It should be noted that for any combinations of A and v with A > 0 and v = 0, the
dual function produces a lower bound on the optimal value of P; (54), referred to as
the primal problem [102]. Hence, to find the best lower bound, we define the
Lagrange dual problem as in (62).
P4:max L(A,v) (62)

Subject to:
/11' = O,Vl'j = O,Vl € {1, ,L},V] € {1, ...,ki}

Since the objective function of problem P; (54) is concave with linear constraints,
and the Karush—Kuhn-Tucker (KKT) conditions are satisfied, the strong duality
condition is held. Thus, the duality gap is zero and the optimal of primal and dual
problems are same. Then, we can solve the dual problem to find the optimal value
(i.e., the value equal to the optimal value of primal problem P;). To do so, we adopt
the gradient algorithm to iteratively find the Lagrangian multipliers as detailed in

Algorithm 1.

92



Algorithm 1. Gradient Optimization Algorithm

1: Inputs:
Ao: initial value for Lagrangian multipliers
Vo initial value for Lagrangian multipliers
K: number of Iterations
Kimax: Maximum number of Iterations

o: step size

¢: error index
2: Initialize:

A =20, vl = vo, k=1, Kppaye = 100
3: While (¢ = .001) || K < Kjpax

& < Calculate the gradient at current

solution
4: Update Lagrangian multipliers

Kk
}\i+1 = Ai + O(kﬁ ,VIE {1, ,L}
k
yitt — kg aké—k|,vl' €{1,..,LLVjE
{1,...k;}

¢ = |l(/1k+1,vk+1) _ l(/lk,vk)l
5: okt = 1/k

k=K+1
6: End while;

6.9 Summary of Work

In this chapter, we presented a QoE-aware optimization mechanism to allocate
radio resource and bandwidth to HAS users in mobile wireless networks. The main
objectives pursued by this framework are: Maximizing the overall average quality
and minimizing the negative impact of temporal video quality changes for all HAS
users. To achieve these contradicting goals, we formulate the problem as a discrete
multi-objective optimization problem. Then, the discrete optimization problem is
converted into continuous single objective form to be applicable in practical
scenarios. Finally, since the strong duality condition is held, and the duality gap is
zero, we propose a gradient-based algorithm to solve the Lagrange dual problem
instead of the primal problem. In our proposed solution, the HAS user sends the
amount of buffered content in the playback buffer and the quality of previously
downloaded video segments to the optimization mechanism using the new features

introduced by 3GPP DASH specification. The allocated bandwidth to each UE is
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enforced at the serving/PDN gateway, and is periodically informed to the UE using
the MPD updating mechanism. As a result, the central bandwidth allocation and
coordination across UEs and the wireless mobile network leads to considerable
improvement in video quality perceived by DASH users and diminishes the

challenges of user mobility and uncertainty of dynamic radio environment.
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Chapter 7. Performance Analysis
of Network-Assisted Approach for
HAS Video Streaming in Mobile

Wireless Networks

In this section, first we investigate the convergence of Algorithm 1 (Section 6.8).
Then, we describe the simulation setup used in our experiments, and finally we
evaluate the performance of the proposed optimization method on the QoE

perceived by HAS UEs.

7.1 Convergence Analysis of Algorithm 1

To investigate the performance of the proposed Algorithm 1 in terms of
converging to the optimal solution, first we solve the primal problem P; using the
convex optimization package (CVX) [103] for different numbers of eNBs and UEs
denoted by |eNB| and |UE| respectively. Two scenarios are defined based on the
number of active UEs (| UE|) at each cell, which represents different scales of the
problem. |UE]| 1is considered to be 5 and 10 for the first and the second scenarios
correspondingly. For each scenario, the number of eNBs (|eNB|) is considered to be
2, 10, and 100. We ran Algorithm 1 for each configuration separately and computed
the absolute value of error (denoted by |]|) between the solution obtained after each
iteration and the corresponding optimal solution obtained from CVX for that
configuration. Fig. 31 (a) and (b) show the semi logarithmic convergence of the error

between the solution of the dual problem and the optimal solution for the different

95



number of eNBs in both scenarios. As can be seen in Fig. 31 (a), if we consider the
desirable error as 10-2, the feasible solution is attained for the dual problem after
10, 50, 100 iterations for |[eNB| = 2, |eNB| = 10 and |eNB| = 100 respectively.
However, in the second scenario where | UK |=10, more iterations are required to
obtain the desirable solution compared to the first scenario where |UE|=5. This
convergence analysis shows that the accuracy of the solutions is completely
dependent on the number of active UEs in each cell as well as the number of cells

itself.
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Fig. 31. The value of |J| versus the number of iterations for different number of eNBs
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7.2 Simulation Setup

We use the LTE mobile network model in NS3 [104], which consists of two main
models, LTE and EPC (Evolved Packet Core). The former simulates the LTE radio
protocol stack (RRC, PDCP, RLC, MAC, PHY), and the latter emulates the core
network functions. The Serving Gateway (SGW) and Packet data network Gateway
(PGW) entities in the EPC model are implemented in a single entity (SGW/PGW
node), and the proposed optimization method is implemented as a member function
of the SGW/PGW node. We adopt the model explained in [105] for Adaptive
Modulation and Coding (AMC) link adaptation, operating at eNB, to determine the
best Modulation and Coding Scheme (MCS) based on the observed Channel Quality
Indicator (CQI) for each UE. According to the specified MCSs, the maximum

achievable transmission rates (c;;) of UEs per resource block are computed and used

in the proposed method.

The network topology in Fig. 32 was applied to evaluate the proposed method.
Two cells were set up and all HAS within a cell were distributed at a random
distance to eNB from 50m to 800m. Also, for each UE, a default EPS bearer is
automatically activated when the UE is attached to the network to obtain the IP
connectivity for that UE, and a dedicated downlink EPS bearer is set up manually
using the Traffic Flow Template (TFT) to be used for sending the TCP packets
belonging to the HAS flow. The system parameters applied in the simulation are
summarized in Table VIII. Moreover, to simulate the behaviour of the HAS client
and server; we extended the modules PacketSink and OnOffApplication in NS3.

In each HAS server, to represent the different available video bitrates, multiple
instances of the OnOffApplication class are considered so that each instance of
OnOffApplication is configured to generate a traffic flow with the bitrate equal to
one video bitrate available in the representation set. Also, at any time, one instance
1s active and other instances are stopped. The HAS client receives the packets from
the active OnOffApplication, and measures the incoming average throughput within
a period of time equal to the segment duration. Then, the estimated throughput is
fed into a throughput-based adaptation logic, discussed in [42], implemented as a
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function to select the most fitted video bitrate for downloading the next segment.
Once the next video bitrate is determined, the corresponding OnOffApplication in
the HAS server is activated to generate the traffic for the duration of ON period;
l.e., segment period. A set of available rates is considered as {100, 150, 200, 250,
300, 400, 500, 700, 900, 1200, 1500, 2000, 3000, 4000, 5000, 6000} Kbps in
accordance with RedBull dataset [85].

Table VIII. System parameters

Parameters value

System bandwidth I0MHz (50 RBs)
AMC model Piro

Modulation and Coding 1-28

Scheme (MCS) range

Fading loss model Pedestrian (3 km/h)
Cell capacity

33.53 Mbits/s (for
MCS 28)

Frame Structure

FDD

Scheduler Proportional Fair

RBs per RB group (RBG) 1

Tx power of eNB 30 dBm

Tx power of UE 23 dBm

Noise figure 5dB

Internet delay 20 ms

PDCP SDU 1024

Buffer size at eNB 100 packets

RLC mode Unacknowledged
mode

T 6s

Buffer_Threshold 12s

Simulation time 300 s

To evaluate the effectiveness of our proposed method, we consider two
configurations in the conducted simulation. In the first configuration (configuration
1), a throughput based adaptation logic (referred to as TB) is enabled for all HAS
UEs such that the most suitable video representation is chosen based on smoothed
segment throughput. Hence, the HAS UEs can adapt to the varying downlink
throughput without interacting with the core network, while in the second

configuration (configuration 2), the local adaptation logic is disabled, and the HAS
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UEs select the maximum available video bitrate in the representation set provided

by the updated MPD file obtained from the optimizer in the SGW/PGW node.

PDN
(Dedicated for

eNodeB1
@ DASH CDN)
~
o
i “3 eNodeB2
H - G C—» Wired connection)
@ /

< ——%» Wireless connection

Fig. 32.Network topology used in the simulations

7.3 Simulation Results

To evaluate the performance of the proposed method, we conducted 30 simulation
runs of 300 second periods for configurations 1 and 2 separately. This experiment
was repeated for different numbers of HAS UEs active at each cell including 5, 10,
15 and 20. Fig. 33 (a), (b), (c) and (d) show the spatial distribution of UEs within a
cell. It should be mentioned that the UEs’ distribution considered for both cells are
similar. In each experiment, we measured the average and standard deviation of
quality of segments constituting the adapted video stream for each HAS UE, which
allows us to estimate the perceived qualities by applying the eMOS model presented
n (59).
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Fig. 33.The spatial distribution of HAS UEs within a cell

To evaluate the overall performance of our proposed method compared to the TB
method in terms of the user’s perceived quality, we computed the average of eMOS
experienced by all HAS UEs after each experiment. Afterwards, the ensemble of
these 30 sample realizations allows us to construct the empirical cumulative
distribution function (ECDF) of the mean MOS experienced by all HAS UEs as an
estimation of the real CDF. Fig. 34 (a), (b), (¢c) and (d) present the distribution of the
mean MOS experienced by 5, 10, 15 and 20 HAS UEs within each cell. It is
noticeable in figure 34 that our method yields higher average quality compared to
the TB method for all different number of active HAS UEs. On average, our
proposed method produces a gain of 0.3 eMOS across the different number of UEs
when compared to the TB method. This improvement stems from the fact that the
TB method just aims at increasing the bandwidth utilization whereas increasing
the bandwidth does not necessarily result in improving QoE. More importantly, our
proposed approach minimizes the fluctuation in QoE compared to the TB method,
while the TB method solely follows the fluctuating bandwidth to select the
appropriate video bitrate. According to Fig. 34, it can be confirmed that as the
number of UEs increases due to the limited available radio resources, the average

MOSs for both proposed method and TB method decrease.
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Fig. 34.Empirical CDFs of mean MOS obtained from 30 simulation runs

In addition to the average MOS, we also demonstrate the average video freezing
probability and average video freezing duration experienced by the HAS UE in Fig.
35 (a) and (b) respectively for different numbers of UEs. As shown in Fig. 35 (a), our
proposed method outperforms the TB method by achieving almost 17% lower
probability of video freezing. This improvement is the result of considering the
playback buffer status after bandwidth allocation, and checking it against the
predefined threshold. However, it can be confirmed that as the number of UEs
increases, the chance of video interruption rises in both methods and the amount of
improvement decreases. This stems from the fact that as the number of clients
increases, the HAS UEs use all radio resources such that some UEs face starvation

and consequently the performance of the scheduler decreases significantly. The
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impact of video freezes on QoE depends not only on the number of occurrences, but
also, video freeze duration may lead to perceptual degradation. So, we also measure

the video freezing duration for different number of UEs.

0.4 ’
0.35 ‘ ‘ _16
> Il Proposed method O - Proposed method
= [ 17B method — c 1.4 [ ]TB method
% 0.3 o
R w12
2 0.25 5 -
o a 1
£ 02 2
§ 08
Q
L 0.15 26
e o
3 o 204
S el
0.05 S =02 4I
0 0
5 10 15 20 5 10 15 20
Number of UEs Number of UEs
(a) Probability (b) Duration

Fig. 35.Video freeze statistics for different number of UEs

As illustrated in Fig. 35 (b), once again our proposed method outperforms the TB
method since the UEs using our proposed method experience less freezing duration
by almost 20% in comparison with UEs using TB method. As expected, similar to
the results of interruption probability, we see growth in the duration of freezes as

the number of UEs increases.

7.4 Summary of Work

In this chapter, we presented our testbed to evaluate the proposed QoE-aware
optimization framework to allocate radio resource and bandwidth to HAS users in
mobile wireless networks. Our simulation results demonstrate that our system
results in better perceived quality of video, measured by Mean Opinion Score
(MOS), by almost 7% on average, while lowering the freezing period by almost 20%
on average across HAS users when compared to other approaches where HAS users

only rely on local adaptation logics.
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Chapter 8. Conclusion and Future Work

In this chapter, we conclude the presented works in this thesis and suggest topics

for future work.

8.1 Conclusion

In recent years, the HTTP adaptive streaming approach has been accepted as a
main paradigm for streaming media content due to its scalability, simplicity,
bandwidth waste reduction and its ability to pass through NATs and firewalls.
However, as discussed in section 1.1, because the adaptation is performed at the
client that has incomplete information about the underlying delivery network,
which is typically heterogeneous and unmanaged, improving the viewer Quality of
Experience (QoE) is very challenging. To this end, the overall focus of this thesis
was on optimizing the HAS service to improve QoE by following the methodology
described in section 1.4. The extensive study of the current state of the art
documented in Chapter 3. Related Works chapter helped us identify the properties
of HAS, obtain insights about the existing shortcomings in the current streaming
solutions, and understand the factors influencing the perceived quality such as
average video bitrate, video freezing event, and quality transitions. Throughout the
thesis, we have been suggesting two user-centric and network-assisted solutions to
enhance some aspects of users’ QoE. In this respect, we have investigated a novel video
bitrate adaptation and prediction mechanism based on Fuzzy logic for HAS players
in Chapter 4. The proposed method takes into consideration the estimate of
available network bandwidth as well as the predicted buffer occupancy level, to
proactively and intelligently respond to current conditions. This leads to two
contributions: First, it allows HAS players to take appropriate actions, sooner than
existing methods, to prevent playback interruptions caused by buffer underrun,
reducing the ON-OFF traffic phenomena associated with current approaches and

increasing the QoE. Second, it facilitates fair sharing of bandwidth among
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competing players at the bottleneck link. We have presented the implementation of
our proposed mechanism and provided extensive empirical/QoE analysis and
performance comparison with existing work. Our results show that compared to
existing systems, our system has 1- better fairness among multiple competing
players by almost 50% on average and as much as 80% as indicated by Jain’s
fairness index, and 2- better perceived quality of video by almost 8% on average and
as much as 17%, according to the eMOS model.

Improved capabilities of smart phones as well as the recent advances in mobile
wireless networks providing higher data rates and lower transport delays create
considerable opportunities for video streaming applications, in particular OTT
services. Moreover, considering the shortcomings discussed in subsection 3.2 and
the challenges relating to the nature of mobile wireless networks such as inaccurate
throughput measurement and inefficiency of current resource allocation methods,
maximizing the average user satisfaction of the mobile users becomes more
challenging for both video hosting service providers and mobile network operators.
For this purpose, in addition to what we proposed for general adaptation scenarios
where there is no DANE like entity available in the access network, we have
presented a novel QoE optimization mechanism for HT'TP Adaptive Streaming in
the context of 5G wireless networks in Chapter 6. The proposed mechanism
leverages recent advances in HAS specification, which incorporates new features for
QoE measurements and reporting. First, we formulate a multi-objective discrete
optimization problem aiming at maximizing the overall average quality, and
minimizing the negative impact of temporal video quality changes for all HAS users
simultaneously. Second, to take advantage of well-known continuous optimization
techniques and to decrease the computational complexity, we relax the formulated
problem by converting the discrete optimization problem into continuous form.
Finally, we have introduced a gradient-based algorithm to solve the continuous
optimization problem. The provided results of our simulations demonstrate that our
system results in better perceived quality of video, measured by Mean Opinion

Score (MOS), by almost 7% on average, while lowering the freezing period by almost
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20% on average across HAS users when compared to other approaches where HAS

users only rely on local adaptation logics.

8.2

Topics for future work

In the following, we consider interesting possibilities for extension of the current

work.

As shown in this thesis, the proposed adaptation heuristics are usually
designed and tailored to networks with specific characteristics. Therefore,
there 1s still research opportunity to design a client based adaptation
mechanism that overcomes a wide range of highly dynamic network features.
On this point, machine learning algorithms provide suitable approaches that
allow HAS clients to exploit a wide range of useful network-related features
to adapt their behaviours to optimize the Quality of Experience (QoE).

As energy 1s an important resource for mobile handhelds, and switching
between different representations of a video sequence may change the power
consummation noticeably, another objective can be added to the optimizer
proposed in Chapter 6, i.e. maximizing the battery life duration. In this
regard, the level of battery and its rate of depletion can also be reported as a
feedback along with other QoE related parameters. In this way, depending on
the level of battery life, the optimization process can be biased to maximize
the user experience or toward energy conservation.

This thesis proposes an optimization framework in which each mobile device
1s assumed to have one radio connection to the radio access network.
However, In LTE Release 10, new mechanisms have been added by 3GPP
which enable a dual-radio terminal to have two simultaneous connections,
one on 3GPP and one on non-3GPP access. From this perspective, three
combinations of simultaneous connectivity are available i.e. Multi-access
PDN connectivity (MAPCON), IP flow mobility (IFOM), and Non-seamless
WLAN offloading (NSWO). Accordingly, different scenarios can be defined for
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HAS UE with dual connectivity capability to enhance the QoE and radio
resource efficiency.

Another aspect worth investigating is resource allocation in heterogeneous
cellular wireless networks. In this thesis, we consider the homogeneous
network architecture where all base stations (referred to as eNB) have
similar radio characteristics e.g. transmission power levels and modulation
techniques. As such a deployment degrades the coverage and users near cell
edges receive low capacity, a more flexible and scalable deployment approach
using a hierarchical cell deployment model are introduced in the evolving
LTE-Advanced systems. In this hierarchical model, namely a heterogeneous
network architecture, each macro cell can be also covered by several smaller
cells. Improving HAS users’ experience in such a hierarchical model requires
radio resource management that take into account the different requirements

of multi-tier heterogeneous cellular network.
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