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Multimedia data traffic occupies more than 70% of the internet traffic and half of the video
consumers use their mobile devices to watch the videos. Moreover, Virtual Reality (VR) data
traffic is increasing very fast. To provide the good quality of the multimedia service over the
wireless channel, the large bandwidth is needed because users’ quality of experience (QoE) usually
proportional to the video rates they can receive. Moreover, the variation of the bandwidth in the
wireless channel also affects to the users’ experience. Therefore, it is necessary to apply the
wireless transmission scheme that has high spectral efficiency and the video rate adaptation to
provide the best quality to the users. Multicast system is one of the technologies that can improve
the spectral efficiency, and Dynamic Adaptive Streaming over HTTP (DASH) is one of the most
popular video rate adaptation platforms. DASH is a fast growing video streaming platform, which
enables adaptive rate selection based on channel conditions. File Delivery over Unidirectional

Transport (FLUTE) further enables multicasting of the DASH segments over LTE eMBMS



systems. We present the DASH multicast systems and its optimization in this paper to deliver high
quality videos to the large number of mobile users. First, we show that the DASH can take
advantages of the multicasting scheme in terms of utility by optimally allocating the resource.
Second, we propose the VR video multicast system, which is compatible with DASH, and the

optimization algorithms to improve users’ experience for mobile VR applications.

An optimal DASH multicasting solution is proposed to allow more DASH clients in an LTE
network to receive better videos by optimizing the resource allocation, application-layer Forward
Error Correction (AL-FEC) code rate and modulation and coding scheme (MCS) selection of each
multicasting group, which corresponds to a FLUTE session. Multiple FLUTE sessions are
considered to deliver multiple videos, each with different video rates, for enhancing the overall
utility. We have applied the convex optimization method to find the optimal resource allocation in
terms of utility for multiple FLUTE sessions. We also find the optimal AL-FEC code rates to add
redundancies to protect the video segments for each FLUTE session. Moreover, an efficient MCS
selection is introduced to reduce the complexity of the algorithm. Simulation results, with realistic
LTE parameters, are shown to prove the proposed scheme is optimal, with more DASH clients
receiving better video representations within limited resources when compared to other existing

algorithms.

VR video multicast systems and its optimization algorithms are presented. 360-degree videos
for Virtual Reality (VR) applications are getting more popular because of their diverse applications.
VR videos usually need more bandwidth than conventional videos to provide the same quality of
experience (QOE). Tiled videos can help save bandwidth by selecting lower quality encoding for
the tiles with lower probability of viewing. DASH enables the adaptive rate selection of tiles based
on the channel conditions. Multicasting also can help save bandwidth, since many users share the
spectrum when they request the same video contents. In this paper, we formulate the utility
maximization problem to find which tiles should have which video representations to satisfy the
most users in multicasting groups using limited resources. A cross-layer optimization framework,
which includes user grouping, resource allocation, and the tile-based rate-selection algorithms, is

proposed to maximize the total utility among all users. Saliency information extracted from the



videos is used to find the tiles which most users may be interested in. Simulation results show that
the proposed cross-layer optimization framework can achieve a higher utility than the broadcasting

solution or existing multicast solutions.
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Chapter 1
INTRODUCTION

1.1 Introduction

The enhanced capabilities of mobile devices and the improved capacities of wireless networks
have led to a massive growth in mobile video consumption. A recent report [1] shows that the
video traffic occupies more than 70% of whole internet traffic in peak time, and moreover, half of
the video consumers use mobile devices. Besides, VR/AR applications are getting more popular
and users can enjoy diverse experience with them. VR/AR applications need more data than
conventional video streaming services. As increasing multimedia data traffic being over wireless
networks, efficient utilization of the wireless resources is getting more important to serve more
users. In addition, the wireless channel condition varies frequently with channel environments and
user behaviors. MPEG’s Dynamic Adaptive Streaming over HTTP (MPEG-DASH) [2] is thus
proposed as an effective video streaming platform, which enables the adaptive rate selection based
on the channel conditions. DASH can provide superior video experience by giving clients a chance
to receive the video quality based on their channel condition and buffer status, resulting in better
quality of experience (QoE). Most of internet video service providers, such as Netflix and Youtube,

support DASH in their video streaming platforms.

With the overloaded scenarios, for example, many people watch the popular live videos such
as sports events, bandwidth can be easily used up and many people will suffer from delay or low
video quality. To overcome the problem, video multicasting can be utilized. LTE allows using
their spectrum for multicasting or broadcasting up to 60% of the spectrum and it is standardized
as evolved Multimedia Broadcast Multicast Service (eMBMS) [3]. The Multicast Channel (MCH),
that delivers eMBMS data, cannot get any advantage from either Hybrid Automatic Repeat-
reQuest (HARQ) or retransmission since the MCH transfers the data in Radio Link Control (RLC)

unacknowledged mode (UM) [3], due to the fact that a single user’s channel condition cannot



represent all users’ channel conditions. Besides, it is very inefficient to retransmit many lost
packets to several user equipment (UEs) with poor channel conditions, resulting in further
consumption of bandwidth. This situation makes Quality of Experience (QOE) worse because it
cannot transmit the appropriate video representations to the subscribed users, resulting in very high
packet loss rate or possibility that users cannot get a video with enough quality even when the
channel condition is very good. To overcome the problem of DASH multicasting, the File delivery
over Unidirectional Transport (FLUTE) [4] protocol is thus introduced. The IETF introduces
FLUTE for unidirectional data transfer over the internet. To avoid packet loss, FLUTE adds
redundant packets to help the recovery of the lost packet, which is done by Forward Error
Correction (FEC) [5]. Moreover, if FEC is not enough to recover all lost packet, DASH clients can

request packet recovery through reliable TCP unicast transmission [6].

Combining FLUTE and eMBMS of LTE makes DASH multicasting possible with capability
of adaptive video quality control, however, it introduces more complexity to the systems. Since,
there are multiple copies of the video with different rates, the system has to choose which video
rates to be scheduled based on the channel information and user’s requests. FLUTE sessions have
to add redundant APP-layer FEC packets to protect the video data while not losing efficiency.
Moreover, resources for each FLUTE session must be allocated in the OFDMA frames and PHY -
layer modulation and coding schemes (MCS) for the chosen resource blocks also need to be
selected for reliable communications. Its complexity exponentially increases as number of users
and/or number of video increases to find the optimal solution. Moreover, channel condition always

changes frequently, therefore, it is more difficult to optimize the whole system in real time.

In this paper, an optimal solution for video multicasting is proposed for DASH types of video
sources. Through joint consideration of the video rates, the resource allocation, the FEC
redundancy and the MCS for each subscribed multicast video, our proposed jointly optimized
solution schedules the best set of videos to maximize the perceived QOE (i.e., utility values)
without the need of additional packet repair requests, which call for additional resources and

introduce more delays.



The DASH multicast system allocates multiple copies of the same video with different
qualities to satisfy more users, but it inevitably generates redundant data that decreases the spectral
efficiency. Especially in the case of VR videos, most of the area is not visible to the users [7][8].
Therefore, more redundant data are transmitted than in conventional video if we directly use the
DASH multicast for VR-video dissemination. To be more efficient, redundant data should be
removed, and tiled video [9][10] allows the flexible removal and allocation of lower bits to the
redundant parts of the video. For example, necessary parts are transmitted with multiple copies
with different qualities to satisfy users with good channel quality, and the parts with lower
probability of being viewed are transmitted just once with a single quality to save the spectrum. In
this paper, a new approach to allocate the DASH-VR video on the LTE eMBMS systems. There
are separate solutions for the rate adaptation of the tiled-video and the resource allocation of
wireless video multicast using limited wireless resource, but the separate solutions cannot optimize
the VR video multicast systems. Therefore, we propose a multicast system that can deliver the
tiled-video with an adaptive rate selection and perform the optimal resource allocation for multiple
FLUTE sessions.

1.2 Contributions
The contributions of this dissertation are summarized as follows.

e The main contribution of this paper is that we formulate the video multicasting problem as
a mathematical optimization task, which allows us to find a closed form solution for

resource allocations for utility/QoE maximization.

e An efficient MCS selection algorithm is introduced to reduce the complexity of the
selection procedure without degrading the performance, as evidenced by the simulation

results.

e Comparisons with other state-of-the-art video multicasting algorithms shows that the
proposed algorithm can achieve higher utility values and spectral efficiency than other

methods, both for SVC and DASH video streaming systems.



e Multi-Session Multicast (MSM) is proposed to efficiently allocate tiled-videos on multicast

systems, such as eMBMS.

e A cross-layer optimization framework is proposed to jointly optimize the algorithms for
grouping users, allocating wireless resources, and selecting the tiled-video rates to achieve

the best utility value and visual quality.

e We have derived the spectral efficiency as a function of user grouping to find the efficient

and effective grouping algorithm. It reduces the number of parameters to be optimized.

e A convex optimization method is applied to allocate the optimal resources for each

multicasting session.

e A modification of the existing state-of-the-art rate-allocation algorithm for tiled-videos is

applied to a multicasting scenario.

e Extensive simulation results including comparisons with other state-of-the-art video
multicasting algorithms shows that the proposed algorithms can achieve higher utility

values and spectral efficiency than the other methods.

1.3  Dissertation Roadmap
The rest of this dissertation is organized as follows.

Chapter 2: we review the related works on previously proposed video multicasting algorithms
including user grouping, resource allocation, MCS selection, and AL-FEC code rate selection
schemes. Tile-based video encoding and rate selection algorithms are also discussed for VR video

streaming application.

Chapter 3: we present an optimal DASH multicasting method that works in OFDMA based
systems such as LTE. The optimal resource allocation algorithm is proposed to improve the QoE,
and an efficient MCS selection algorithm is applied to reduce the complexity of the algorithm

without degrading the performance.



Chapter 4: we propose a VR video multicast system to deliver tiled video encoded with multiple
representations. The proposed cross-layer optimization framework can allocate the best video
representations of tiled video to efficiently utilize the limited resource. The proposed wireless VR
video multicast system and the cross-layer optimization algorithm can provide superior quality to

the users than existing algorithms.

Chapter 5: conclusions of this dissertation are given by summarizing the main contributions and

discussing some extensions to this work that lead to potential research topics in the future.



Chapter 2
BACKGROUNDS AND RELATED WORKS

2.1. DASH

A DASH service refers that clients who want to receive a video can request the video from the
server based on the Media Presentation Description (MPD) [2] and channel information to
dynamically adapt the video rate for continuous playing the video and guaranteeing the best video
quality. An MPD file includes the information about the video, such as segment formats and
available video representations, therefore, clients can request the video chunks to the server by
using the information contained in the MPD file. DASH, as its name stands for, is standardized for
unicast video delivery using HTTP [2]. However, the DASH defines formats which may be
suitably delivered over non-HTTP/TCP transports. In case DASH is delivered over eMBMS,
DASH clients can still operate on regular formats and interfaces, no eMBMS specific
functionalities are required. FLUTE is introduced to permit DASH to deliver DASH video
segments over eMBMS such that the client can receive them being delivered over HTTP/TCP.
With this, clients can receive different video segments which are not requested by the users, but
clients can still decode the video even if the received video segment is not exactly the same
representation, and it is beneficial for utilizing the multicasting approach to save the spectrum and

optimize the network at the eNB.

2.2. LTEeMBMS

LTE supports multicasting of video streams by eMBMS [3] systems, and Broadcast Multicast
Service Center (BM-SC) is responsible for managing multicast sessions. It provides membership,
session and transmission, proxy and transport, service announcement, security and content

synchronization. An MBMS gateway (MBMS-GW) distributes the video data to the eNBs. It



DASH server
{deo strea
BMSC || MBMS-GW L ( ) Vide
bl

Video stream

1 User
| Group 1

K eNodeB
MME =» MCE T

CQI feedback

Figure 2.1. LTE eMBMS systems for DASH Multicast

performs session control signaling towards the mobile management entity (MME). Multi-
cell/multicast coordination entities (MCEs) are part of eNBs, and they provide admission control.
They allocate the radio resource for the multicast sessions and decides modulation and coding
scheme (MCS). Multiple video multicasting sessions can thus be created and users can subscribe

those sessions at the same time.

The physical layer of an LTE downlink is based on the OFDMA technology, and the basic
unit of the resource in the LTE system is a physical Resource Block (RB), which has 180 KHz
bandwidth with 12 subcarriers and 7 symbols [3]. Within an RB, the same Modulation and Coding
Scheme (MCS) is applied for all subcarriers. Therefore, if we define the MCS of an RB, there is

corresponding number of bits that one RB can carry, which is
c(MCS)=12(subcarriers)x7(symbols) xefficiency. (2.1)

Table 2.1 shows the MCS along with efficiency [11] for various channel quality indication
(CQI) indices. The more efficient modulation and coding scheme can be used when the channel
condition is better, and higher CQI index indicate that the channel condition is better. eNBs should
choose MCS that can be decoded on the receiver side. In this paper, we use the CQI index as an
MCS index for notational convenience. Using the information in the table, we can find what is the

expected data-rate when we know how many RBs are allocated to the FLUTE sessions.



Table 2.1. CQI-MCS MAPPING

ir?cizlx Modulation C(:;i%;t; efficiency

0 Out of range

1 QPSK 78 0.1523
2 QPSK 120 0.2344
3 QPSK 193 0.3770
4 QPSK 308 0.6016
5 QPSK 449 0.8770
6 QPSK 602 1.1758
7 16QAM 378 1.4766
8 16QAM 490 1.9141
9 16QAM 616 2.4063
10 64QAM 466 2.7305
11 64QAM 567 3.3223
12 64QAM 666 3.9023
13 64QAM 772 4.5234
14 64QAM 873 5.1152
15 64QAM 948 5.5547

2.3. File Delivery over Unidirectional Transport (FLUTE)

The file delivery over unidirectional transport (FLUTE) protocol is proposed by Internet
Engineering Task Force (IETF) [4] to multicast a file over the networks using User Datagram
Protocol (UDP)-based protocol with application-layer Forward Error Correction (AL-FEC) being
provided for protecting the file from the packet losses. Additional file repair procedures are
allowed by the HTTP file repair request. The file repair response message consists of HTTP header
and file repair payload. The file repair response message consists of HTTP header which informs

that point-to-multipoint repair, instead of point-to-point repair, is used.

2.4.  Application-layer Forward Error Correction (AL-FEC)

The radio channel conditions vary among all the users receiving the multicast service. Therefore,

the block error rate of the users that receive the video service delivered with a single MCS can



have a great variance. In order to increase the robustness and the reliability of the multicast

transmissions, FEC redundancy packets are incorporated at the APP-layer [5].

The solution proposed by 3GPP to deliver video streaming over eMBMS uses the FLUTE
protocol with UDP transport to send video segments with the corresponding APP-layer FEC over
multicast. An FEC block consists of N packets including K source packets and N-K redundancy
packets, resulting in the encoding rate K/N. The FEC decoder can ideally recover the original K
source packets from any K out of N received packets with correction capability t=N-K. The Reed
Solomon (RS) code [12] is a well-known FEC code which operates on non-binary symbols and
has the ideal correction capability. However, the RS code has a high decoding complexity because
of its non-binary operations, which is not suitable for high-definition (HD) video streaming
applications. The Raptor code [13] is a more attractive solution for HD video streaming services
due to the flexible parameters selection and linear decoding cost. The correction capability of a
Raptor code is t=N-(1+¢)K, where € is the reception overhead efficiency. The correction
capability of the Raptor code is sub-optimal, however, a standardized Raptor code can closely
achieve the ideal correction capability with negligible €. Therefore, it is used in our scheme. In
this paper, FEC block size is fixed as N and the number of source blocks K is determined to

choose appropriate FEC code rates Km /N for the m-th FLUTE session.

2.5.  Video Multicasting Algorithms

Since the multicasting can take advantage of using common resource for many users, video
streaming services including AR/VR video streaming [14][15] or interactive multi-view video
streaming [16][17], can also be applicable. Many of the multicast researches are based on the SVC
video source [18][19][20] because of its structural advantage when it is applied to the multicasting.
However, SVC itself has encoding complexity which can possibly cause significant delay.
Moreover, DASH platform has getting more popular and DASH can efficiently adapt the video
rate and more suitable to internet platform. Therefore, in this paper, both SVC and DASH types of

systems are all investigated.
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There have been researches on multicasting the videos over wireless networks. Chen et al. [21]
consider the fair and optimal resource allocation for LTE multicast. They also consider the unicast
for some users with lower SNR without considering FEC for packet protection. Belda et al. [22]
introduce a Hybrid FLUTE/DASH video delivery system, which can multicast the video through
FLUTE sessions and repair requests through the unicast channel to recover lost packets. They fix
the FEC code rates of FLUTE sessions and provide the simulation results to show that the hybrid
video delivery can improve the video quality compared to the video delivery systems using the
unicast only. Nonetheless, in their approach, FEC code rates and resource allocation for multiple
FLUTE sessions are not jointly optimized and it may create some repair requests through the
unicast channel. Our research starts with the assumption that if we can jointly find the optimal
resource allocation and FEC code rate selection, we can transmit the videos without repair requests
which call for additional bandwidth. Our goal in this research is to jointly find the optimal resource
allocations, the optimal MCS and FEC code rates for multiple FLUTE sessions so as to efficiently

serve the DASH clients in the LTE networks without unicast channels for repairing the lost packets.

SVC-based video multicasting algorithms have been previously proposed, e.g., Conservative
Multicasting Scheme (CMS) [23], Opportunistic Layered Multicasting (OLM) [24], Multicast
Subgrouping for Multi-Layer video applications (MSML) [25], Median Quality Scheme (MQS)
[26], and Median User Scheme (MUS) [27] and etc. Theses heuristic algorithms describe how to
divide multiple users into several multicast groups (each group corresponds to one SVC layer) and
select proper resource, MCS and FEC code rates, for the different groups based on the channel
quality feedbacks from the users within the same group. More specifically, the CMS [23] first
allocates each subchannel to a group of users in the multicast session based on their subchannel
gains, then a greedy algorithm is adopted for resource allocation to achieve proportional fairness
among sessions. OLM [24] can choose more aggressive MCS to achieve higher spectral efficiency
and protect lost packets by using FEC for each group. On the other hand, MSML [25] utilizes the
frequency diversity to achieve better throughput than other schemes. For example, a user with very
low average SNR can possibly have some RBs that have high channel gains, and MSML utilizes
these RBs to schedule lower video layers. Since MSML can choose the best RBs for each multicast

group, it can select more efficient MCS than those chosen by other conservative schemes that are
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constrained by the users with lowest channel quality, such as the less spectrally efficient CMS
scheme. MUS and MQS choose the subgroups based on the number of users and the quality of the
channel respectively. Their schemes can achieve better spectral efficiency than CMS, but less than
those achieved by OLM and MSML.

2.6.  Tiled VR Video-Streaming Systems

In a tiled video scheme, the 360-degree video is divided into smaller tiles, which can be encoded
independently [28]. There can be multiple copies of the same tile with different representation
qualities. These tiles are transmitted through the wireless channel. DASH extends its standard to
cover tiled 360-degree videos, i.e., DASH-VR [29]. DASH-VR has included virtual reality video
descriptor (VRD) and spatial relationship descriptor (SRD), in addition to media presentation
descriptor (MPD), to describe the projection types and spatial relationships among tiles. VRD
contains the projection format and orientation information, SRD includes the region-wise quality
of rectangular videos within the projected frame, and MPD includes the size of video chunks,
locations of video files, and the codec information. As the clients join the multicast system, the
MPD, VRD, and SRD are provided to the client, and the client can reconstruct the VR-video by

using received tiles based on the received descriptor information.

A DASH multicast system [30] is introduced to efficiently utilize the limited resource and
provide better videos to the users. The DASH multicast system allocates multiple copies of the
same video with different quality to satisfy more users, but it inevitably generates redundant data
that decreases the spectral efficiency. Especially in case of VR videos, most of area are not visible
to users. Therefore, more redundant data than conventional video are transmitted if we directly use
the DASH multicast for VR-video dissemination. To be more efficient, redundant data should be
removed and the tiled video [28] allows to flexibly remove or allocate lower bits to the redundant
part of the video. For example, necessary parts of video are transmitted with multiple copies with
different quality to satisfy users with good channel quality and the parts with lower probability of

view are transmitted just once with single quality to save spectrum.
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The most popular and promising technology for controlling regional quality of the video is
the use of tiled videos, which has been used for the panoramic interactive video [31], since the
interactive video can change its view, and users cannot see the whole video at once. VR video is
divided into smaller rectangular videos (tiles) and each video is encoded independently using
legacy video encoders. Every tile has multiple copies with different encoding rates. Different
representations of tiles are transmitted as users’ viewport changes and network channel condition

changes.

There are simple rate allocation algorithms for tiled-videos, which are Binary, Thumbnail, and
Pyramid [32]. Binary allocates the higher representations on the visible tiles, and non-visible tiles
have lowest representations to save the bandwidth. It is the most bandwidth efficient way to
allocate the bits, but users can easily see the lowest quality when they move their viewport since
the network has latency to respond with viewport changes. Thumbnail allocates the minimum bits
of lowest representations for the whole video as the background video, and remaining bits are
allocated for visible tiles with better representations. However, users still can see the lowest quality
background video when they move the viewport faster than network latency. The Pyramid
algorithm allocates the best representations on visible tiles and gradually lower the representations
as the tiles located far from the viewport. However, these rate allocation algorithms are not
network-aware and not flexible enough to provide best quality to the users with variable network

channel condition and viewport movement.

Alface et al. [33] propose a rate-selection algorithm to provide the best quality to users with a
higher representation in the viewport and lower representations in the other tiles. The algorithm
allocates the video rates on the tiles based on utility-over-cost ratios. The utility includes the video
bitrates and a probability of view. Since it allocates the best representations for tiles in order to
maximize the total utility as long as there is available resource, the algorithm can achieve the best

utility performance compared to other existing solutions.

However, none of the existing algorithm is directly applicable to the multicasting scenario. A

new approach to perform the VR video multicasting is proposed in this paper.
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Chapter 3
OPTIMAL DASH MULTICASTING OVER LTE

3.1 Overview

This chapter describes the proposed optimal DASH multicasting over LTE method that achieves
the best utility performance by optimally allocating the resource. Heuristic algorithms have been
introduced to solve the video multicasting problem. These algorithms are differentiated based on
types of the video sources. Scalable Video Coded (SVC) [18] videos are originally used for video
multicasting systems because of its layer-dependent characteristics. More enhancement video
layers can be combined with the base layer to create higher quality video for the users who have
good channel conditions, while the users with poorer channel quality can only receive less
enhancement video layers coded with more reliable but less efficient MCS. For the DASH systems,
usually videos are encoded as multiple different video rates and stored at the server as small chunks,
and they are transmitted to the clients who request the videos. Therefore, different video
representations are independent each other and they can be scheduled independently for
multicasting. DASH can also transmit SVC type video sources, but, in this paper, for notational
convenience, DASH only denotes multiple video rates without dependencies among

representations and SVC denotes the layered video with dependencies among layers.

3.2 System Model

The system models are described as mathematical formats. Table 3.1. includes the notations used

in this paper.
A. Utility Model

There are several different ways to quantify the performance of wireless systems, e.g., delay/jitter,

throughput, bit error rate (BER) or outage probabilities are the traditional quality of service (QoS)
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metrics to describe the performance of a wireless system [34]. However, these parameters are not
adequate to show how actual users are experiencing when media data are involved. Therefore,
many of recent research uses utility as a metric to describe the performance of a wireless system
[35][36].

Table 3.1. NOTATIONS USED IN THIS CHAPTER

c(MCS) Capacity of an RB with selected MCS
Uy m Utility of m-th representation of video v
Uy Effective utility
a,b Normalization coefficients of u,
Ron Video rate for m-th representation of video v
R, max Maximum video rate of video v
foar Margin factor
m Video representation index
Vv Video index
M Number of video representations
Y Number of videos
v Signal-to-Noise Ratio (SNR)
P Received power at UE
N, Thermal noise variance
P Transmit power at eNB
d Distance between eNB and UE
d, Reference distance
d,, Threshold distance
R Cell radius
Vi Average threshold SNR
Vids Average SNR in dB scale of UE i
Yom Threshold SNR for FLUTE session v, m
Kim Number of data packets of FLUTE session v, m
Num Set of UEs subscribing FLUTE session v, m
Npg Total number of RB
U Total utility
U

v.m Utility of FLUTE session v, m
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There are many different ways to define utility. In this paper, since we are working on video
streaming, we have adopted the popular utility model based on a function of video transmission
rates. If a user can receive higher video rates, then the utility will be higher. However, it is known
that the user experience is not linearly proportional to the video rate, since it saturates with higher

video rates.

In this paper, to quantify the quality of experience associated with a video, we adopt the most
popular logarithmic law definition to quantify the video quality of experience because it considers
human perception. Most of the mean opinion score (MOS) tests show that the human perception
of video quality saturates with higher video rates [37][38]. Moreover, the proposed algorithm is
not limited to use logarithmic law. It works with many utility functions to describe the quality of

the video with some necessary modifications on the optimization procedures.

The utility function based on the logarithmic law [39] is,

alogbh, R,n>0

Uy = Ry max : (3.1)
0, Ry =0
where u, and R, denote the utility and rate for the m-th video representation of video v
respectively; R, .. is the maximum video representation of video v stored in the server; a and b
are the coefficients to normalize the utility u, . to stay in the range between 0 and 1, and they can
be empirically determined for different applications. Note that u,  equals 1 when R, =R, ..,

which implies that subscribers can watch the best video representation.

B. User Distribution and Average SNR

We have considered the subscribing users in the LTE network to be uniformly distributed in a

single cell area. Since the signal power attenuates as a function of distance from the eNB, we have
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Figure 3.1. User distribution and grouping

derived the received power distribution of the users using the path loss model [40]. More

specifically, the average SNR 7, of the user i is a function of distance from the eNB,

P PK(d Y
g(d) =7 N, No[dj, (3.2)

where P, isthe transmit power, P, is the receiving power at the UE, d, denotes reference distance,
A is pathloss exponent, and PK is the power measured at the reference distance. The inverse

function of g(d) is

1

0(7)=d =do( Pt*fji. (33)
No?’-

The probability that the user is located within d,, is
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2
Pr(d <d,) = dy

5 (3.4)

where R is the cell radius. It is the same as the probability that the user’s average Signal-to-Noise

Ratio (SNR) is bigger than 7, , which is the average SNR at distance d. Therefore, the outage

probability when the average threshold SNR is 7 can be described as,

) 22
Pr(y, <7y,)=1-Pr(d <d,) =1—d—%(ij . (3.5)
R™{ No7u

If we change the SNR into dB scale, we can get the function as shifted exponential form, and

it is the cumulative distribution function (CDF) of user’s SNR,

_ _ _ Vinge — M
Pr(7i,dB < 7th,dB) = F(Vth,ds) =1_9Xp(_%j (3.6)

YA
d, ( RK 57
here i = Slog| =%| —— and S = :
where =5 g[RZ(NO]J =010

Fig 3.1. shows how users are distributed in a cell area and grouped into different multicast
groups. As we decide the threshold SNR of group 1 as y,, we can estimate the number of users
who can join the group 1 (red area) by using (3.6), i.e., the circle with radius d,. The remaining

users outside radius d1 will be assigned to group 2.

C. Exponential Effective SNR Mapping (EESM)

An RB is the smallest resource unit of an OFDMA system and each RB’s channel quality is
measured at the UE side and fed back to the eNB to decide which MCS has to be used. An RB
consists of 12-subcarriers, therefore, it is difficult to describe the channel quality of the RB as a
Signal-to-Noise Ratio (SNR) measured in one subcarrier. Exponential Effective SNR Mapping

(EESM) [41] is used to describe effective SNR of the RB, and it works as an indicator to decide



18

OFDMA OFDMA OFDMA OFDMA OFDMA OFDMA
Frame-/ Frame-2 Frame-3 Frame-K; Frame-K, Frame-N
________ tiseset I e
s e
Al e
---------------- &»@é

Figure 3.2. FEC block, grouping and resource allocation

which MCS has to be selected to ensure reliable communications. It has been proven that the
probability distribution of EESM is Log-normal, while the wireless channel statistics follows the
Rayleigh distribution [42]. Therefore, the outage probability of the user i is shown as (3.7) when

MCS for the m-th representation of video v is selected.

_ 1 Yvm —7Vide
P i) =—|1+erf| —/—— ||, 3.7
out (7/v,m 7 ,dB) 2 |: [ (2 j:| ( )

where y, . represents the minimum SNR ensuring a block error rate (BLER) value of the m-th

FLUTE session of video v lower than 1%. Note that different MIMO or HARQ schemes can affect
Z.m [43], but since MCH cannot take advantage of HARQ, we do not consider HARQ. With

different MIMO setting, we can adopt different y, [44].

D. Application-layer Forward Error Correction (FEC)

The radio channel conditions vary among all the users receiving the multicast service. Therefore,
the block error rate of the users that receive the video service delivered with a single MCS can
have a great variance. In order to increase the robustness and the reliability of the multicast

transmissions, FEC redundancy packets are incorporated at the APP-layer [5].
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The solution proposed by 3GPP to deliver video streaming over eMBMS uses the FLUTE
protocol with UDP transport to send video segments with the corresponding APP-layer FEC over
multicast [45][46]. An FEC block consists of N packets including K source packets and N — K

redundancy packets, resulting in the encoding rate K/N . The FEC decoder can ideally recover

the original K source packets from any K out of N received packets with correction capability
t =N —K . The Reed Solomon (RS) code is a well-known FEC code which operates on non-binary
symbols and has the ideal correction capability. However, the RS code has a high decoding
complexity because of its non-binary operations, which is not suitable for high-definition (HD)
video streaming applications. The Raptor code is a more attractive solution for HD video streaming
services due to the flexible parameters selection and linear decoding cost. The correction capability
of a Raptor code is t =N — (1+&)K , where ¢ is the reception overhead efficiency. The correction
capability of the Raptor code is sub-optimal, however, a standardized Raptor code can closely
achieve the ideal correction capability with negligible & . Therefore, it is used in our scheme. In

this paper, FEC block size is fixed as N and the number of source blocks K, . is determined to
choose appropriate FEC code rates K, /N for the m-th FLUTE session of video v. Fig 3.2. shows

the example of an FEC block with two multicasting groups sharing the resource with different

FEC code rates. n.,, and ng,, are the number of resource blocks allocated in an OFDMA frame

for groups 1 and 2 respectively. There are total N OFDMA frames and K, and K, of them are

video data and others are redundant data.

3.3 Problem Formulation

The maximum utility problem under a limited number of resource blocks, MCS selection, and FEC

code-rates can be defined as,

V. M

Q: maximize U => >0, [N, | (3.8)

Ngg,MCS,K Vel mol
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V. M

subjectto D > ngg o < Neg, Mgy, 20, (3.9)

v=l m=1

where U denotes the total utility of the multicasting system; n,, . is the allocated number of
resource blocks to the m-th FLUTE session of video v; MCS,  is the MCS index for the m-th
representation for video v defined in the LTE standard, and K, is the number of OFDMA data

frames out of N-OFDMA data frames, which composes one FEC-block.

The utility U is defined as a summation of number of users |N, . | who subscribe the m-th

representation of video v times its effective utility value 0, _, which reflects the user’s received

quality of experience (QoE) and is slightly different from the utility values defined in (3.1). The

utilities of each FLUTE session are
Uym =Uym |NV,M |

Uy m =Uym |Nv,m|_ Uy,m |Nv,m+l| (310)

Uv,l = uv,l|Nv,1| _uv,l|Nv,2|

where U, denotes the utility of the m-th FLUTE session for video v. If we sum them together,

M M
zuv,m = Z (uv,m _uv,m—l)‘Nv,m +Uy, Nv,l J (311)
m=1 m=2
we can define the effective utility value as,
~ Uy m — Uy ma m>1
a. =< " ’ .
=, m=1 (3.12)

To maximize the utility of the system, the optimal n_,, . ,MCS, , and, K, have to be

determined. We assumed that the clients are desired to choose the best video representations they
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can subscribe, and the eNB allocates the resource to maximize the total utility received by all the

subscribing users under the limited total available resource blocks Nrs.

The condition for the user i to successively decode the video is

K

fmar ’ (1_ I:)out (7v,m ! 77i,dB )) 2 ,:im , (313)

where f_ is the error margin factor, which is introduced to ensure the Raptor code can closely

achieve the ideal correction capability with negligible & so that the received video can be
effectively decoded by the Raptor FEC decoder [13]. If we assume that the wireless channel
follows the Rayleigh fading model and effective SNR of the resource block follows the log-normal
distribution, the outage probability is (3.7). Applying (3.13) to the (3.7), we can find the condition

that the video can be decoded without any error,

p— — 2 KVm
Vids Z7’v,m_(7\/§erf 1(1_ f N ] (3.14)

mar

Note that, (3.14) shows the condition for average SNR of user i to successively decode the
video. The number of users who can subscribe the m-th video representation can be found by
using the statistical model of the average SNR in the LTE network. The distribution of the users
average SNR follows the shifted exponential distribution. Since the CDF shows the cumulative

probability that the user’s average SNR is lower than the threshold SNR 7, .., (3.6) exactly

denotes the failure probability of decoding the video. Therefore, to find the estimated number of

users who can decode the video in the LTE network is

| Nv,m |: U Nv | (1_ F(?tth))J (315)

_ _77th,dB_/u
{I Nvlexp( — 5 ]J (3.16)
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The allocated resource for the m-th FLUTE session of video v must be enough to carry whole

video data, therefore, the following inequality must be hold.

K
Rv,m < nRB,v,mC(MCSv,m)% (317)
Kv,m > Rv,m (3 ]_8)
N nRB,v,mC(MCSv,m) . !

Applying (3.14) to (3.16) we can then make |N, . | as a function of the threshold SNR, error

margin factor, and FEC rate,

| Nv,m |: % Nv exp[[}/vm —G\/Eerfl(1_f2 K,(I,m ]—,u]/ﬂ ]‘ (319)

R

- 2
N, - |=||N - —o2erf 1= _wm L
| v,m| | v |9Xp[ [yv,m G\/—er [ fmar nRB'\,VmC(MCS\,,m)j ,u]/ﬂ J (320)

If (3.18) holds, FEC coding rate does not have to be larger than the estimated condition on the

right side of (3.18), which means that we can use equality to describe (3.18). More intuitive
understanding is that there is no reason to choose larger FEC rate, since it means less protection
for packet loss. We could then find the estimated number of users who can subscribe the m-th

video representation is a function of n., , ., when we fix the MCS as shown in (3.18).

The goal of this research is to find the optimal resource allocation, specifically to find the best
number of RBs allocated for each multicast group so as to maximize the total utility, subject to the
limited number of total consumed RBs. Therefore, a problem solving strategy is proposed in the

next section.
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3.4  Problem-Solving Strategy

There are three parameters to be determined for optimal video multicasting problem, more
specifically, they are resource allocation of RBs, FEC code rate, and MCS. The number of DASH
video representations to be scheduled is an optimization parameter too, but we did not include it
as a part of optimization problem, because we can perform the proposed optimization algorithm
for each combination set of video representations and choose the best set to maximize the total

utility.

These parameters are discrete values, therefore it is difficult to find a closed-form solution.
We divide the problem solving process into three steps. The first step is finding optimal resource
allocation and the corresponding APP-layer FEC code rate, assuming the scheduled set of video
representations and MCS are known. The second step is to find the best MCS combination by
choosing the best MCS for each FLUTE session to maximize the utility using allocated resource
and FEC rate found in first step. Finally, it finds the best set of video representations to be
scheduled as FLUTE sessions to maximize the total utility. This step depends on applications
especially type of the video sources. In case of SVC videos, dependencies among layers need to
be considered when the algorithm schedules the video layers. However, with the general DASH
scenarios, any different combination of video representations can possibly be scheduled, therefore,

it has larger search space than SVC videos.

A. Optimal Resource Allocation and FEC Code Rate

Since and n are integer values, to find the optimal solution effectively, we have relaxed

NV,[TI

RB,v,m
the variables as continuous variables. After finding the optimal solution, we can round the
variables into integer values again. Optimality of the solution could be shown by comparing with

the results based on exhaustive searches.
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Since ‘Nv,m is a concave function of n_, , ., the optimal solution for resource allocation can

be found by a standard convex optimization process. A simple way to prove convexity is to use

the property of the convex function [47].

As shown in (3.20), ‘Nv’m Is an exponential function, which is concave w.r.t. its arguments.

The inverse error function is also concave function with negative arguments. Moreover, —1/n.g

is a concave function of ng, , . Therefore,

is a concave functionw.r.t. ng,, .. Inconclusion, [N, ,

we can rewrite the original problem (9) as a standard convex optimization problem as

Q: minfpize ~U =32 fhn Mo @2
v M
subject to Negvm < Neg,
VZ:;; RB,v,m RB (3.22)
Neg.ym = 0.

By using the Lagrangian method, the objective function of the problem Q is shown in (3.23),

where @ and ¢, are the Lagrangian multipliers of the equality and inequality constraints

respectively.

L(nRB1§01§) = _Zzav,m | Nv,m |+¢(ZZnRB,V,m - NRB]_ZZé/v,mnRB,V,m 20, (3.23)

v=1l m=1 v=1 m=1 v=1 m=1

The gradient of Lagrangian (3.24)

L An

2
+B, qerft
NRBv,m

=Uym

OL(Meg, @8) TN IARBY exp{ j}wa,m (3.24)

erf1| 1-Aun_
NRg,v,m

2
é‘nRB,V,m ZnRB,v,m

can now be derived from (3.23), where



25

2
A, = # B, = ‘7_*/5_
Y fmarC(MCSv,m) ' ﬂ

The optimality condition is derived by using Karush-Kuhn-Tucker (KKT) conditions.

1. Primal feasibility : > > n =N, Negym 20.
2. Dual feasibility : ¢, >0.

3. Complementary slackness : ¢, , Ngg, m =0

The gradient of Lagrangian vanishes when (3.25) holds.

erf [l——AV’”‘ J
r]RB,v,m

Thus, the optimal n., . can be found by solving these optimality conditions. The dual

2

l_ A/,m

nRB,v,m

. . _ ~N7INJ|A.B,.,
m 2

é/v,m =@ - uv, exp
2n

+vamerf‘{ ] >0 (3.25)

RB,v,m

feasibility implies (3.26) and the complementary slackness implies (3.27).

2
erf L[ 1 _Aum +B, perf 1| 1- Aum
NRre,v,m NRB,v,m

2
\/;l N, | A,mBym exp{ erf* (1_np\’_'m] + vamerf‘l (1—M]} (3.27)
RB,v,m

2
2Ngg y m Nre,v,m

n’F:B.v,m =0, (3.26)

v,m

+ g NEINGIARB, exp{

- 2
2NRg v,m

g(nRB,v,m) = (ﬂ* = 'jv,m
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Table 2.2. BISECTION SEARCH ALGORITHM

1. upper = min(g, ,(1), for m=12,...,. M, v=12,..V

N

. lower=max(g, ,(Ngg)) for m=12,..,.M, v=12,..V

w

Mgy =0,for m=12,..,M, v=12,..V

. \Y M
: Whlle(‘zvlzmlnRB’v’m —Npg|> 6)

5. u=(upper+lower)/2;

o

6. Negym = Oym (£), for m=1,2,...,M, v=12,.V

7. if(ZZlZ?:lnRB,V,m ~Ngg < 0) lower =

8.  else upper = ; end if

9. end while

10. Nesvm= | Maum |fOr M=12,..M, v=12,.V

The optimal {n;vavm} for all FLUTE sessions satisfying above optimality conditions can
now be found by using the bisection search algorithm shown in Table 3.2, since (3.27) is a

decreasing function with respect to n;B,v,m' Note thate is a small positive number to stop the
searching process when n;B,v,m is close to the optimal value. Therefore, we can find the optimal
resource allocation matrix n.,"*" and FEC rate matrix KVXM/N as determined by (3.18).

To show the optimality of the solution, we have compared the proposed algorithm with an
exhaustive search algorithm when three different videos representations are scheduled. The details
of the optimal resource allocation results of the proposed algorithm is shown in Table 4, where
100 resource blocks per OFDMA frame are allocated in total with an average SNR of 20dB. There
are 100 users in total subscribing the same video and there are 3-different video representations

(1.0, 2.8, 4.7 Mbps) associated with this video. It needs too many resource blocks if all the users
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want to receive the best video rate, since it should either select very inefficient MCS or use many
redundancy FEC packets. If all the users select lowest video rate, i.e., everyone might receive the
video, but users may not be satisfied with the video quality. The proposed algorithm groups the
subscribers into 3-groups and chooses a different video representation for each of them, resulting
in different numbers of resource blocks usage for each group based on also different choice of
MCS and FEC rates. Accordingly, some of users can receive the highest video rates while some
of the users can receive the medium/lowest rates, even with worse channel conditions. The results
of our proposed scheme are exactly matched with the results from the exhaustive search (see Fig.
4). For the exhaustive search, we try all possible combinations of resource allocations for 3-
different video rates and all MCS combinations, as well as choose the maximum utility. Fig. 3.3
shows the utility with all possible combinations of the resource allocations. The x-axis denotes the
number of RBs for the first representation R1, and y-axis denotes the number of RBs for the second
representation R2. Remaining RBs are allocated to the third representation R3. The z-axis denotes
the utility of the combinations. The point having maximum utility is exactly matched with the

result from the proposed algorithm.
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Table 3.3. OPTIMAL SOLUTION for 3-REPRESENTATIONS

Representations R1 R2 R3
Video rates 1.0Mbps 2.8Mbps 4.7Mbps
Mg v.m 23 35 42
Ny 8 11 76
Kym!N 0.45 0.56 0.58
MCS, , 4 5 6

B. MCS Selection

28

There are 15 MCS combinations. All trials can eventually have their corresponding resource

allocation matrix nj" and FEC rate matrix K™* /N as determined by the proposed scheme. MCS

selection is not a part of the convex optimization process, even though it has a significant effect

on the system performance. Therefore, to find the optimal utility, we have to try all possible
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combinations of MCS for M different rates and for V different videos. A heuristic-based MCS
selection algorithm is shown in Table 3.4. If the number of resource blocks is fixed, the best MCS
is obvious because we always need to maximize the number of subscribers who can receive the
video within the limited number of resource blocks. The bisection algorithm in Table 3 can give
us the optimal solution for the resource allocation and the FEC code rate when the MCS is fixed.
The algorithm can be used to iteratively choose the best MCS with a fixed number of RBs. For the
initial MCS set, all resource blocks are equally divided among all multicast groups. With these
resource blocks, we can find the best MCS for each group. After performing the bisection search
algorithm, we can get the optimal resource allocation for all groups. The algorithm is repeated
iteratively until the solution converges. We find that the iteration converges within 10 iterations
most of time. Therefore, finding the optimal MCS using the algorithm shown in Table 3.4 is
significantly faster than performing an exhaustive search. Fig. 3.4 shows the utility with different
total number of RBs when the heuristic MCS selection algorithm and exhaustive search are used.
The exhaustive search tries all possible MCS combinations and take the best result. As iteration
increases, the utility of the heuristic MCS selection algorithm get close to the utility result of
exhaustive search. Therefore, the heuristic MCS selection algorithm is used for further simulation

results to reduce the complexity.

Table 3.4. MCS SELECTION ALGORITHM

1. Initialize n, , :L’\\‘Aw,form=1,2,...,|v|, v=12,..V

2. Repeat

3. MCS',, =arg max|N, (N, ,, MCS)|

MCS,
4. Do the bisection search algorithm in Table 3 with MCS”,  to

find the best ngp

5. until MCS", = areconverged form=12,....M, v=12,..,V
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C. Rate or Layer Selection

The last part of the optimization is selecting the video representations to schedule. There can be

maximum M-representations scheduled for one video, and if m-representations are chosen, there

M
are [mj possible combinations. If there are V distinct videos, the number of combinations is

\
MM . . . . .. .
(Z( D . To find the optimal solution, all possible combinations are tested. After testing all
m

m=1

possible combination, we choose the rate combination that has the best utility.

In case of SVC, there are only M different choices for layer selection of each video because

of the layer dependency. Therefore, total searching space to find optimal solution is MY

3.5 Performance Analysis
A. Simulation Setup

The performance analysis is conducted using standard LTE parameters [48], i.e., the exponential
effective SNR mapping [41] is first used to map the channel state into effective SNR, which is
then mapped onto the CQI level, ensuring a block error rate (BLER) value lower than 10%. The
systems parameters adopted in our simulations are suggested by the LTE standard as summarized
in Table 6. Only 1 Tx and 1 Rx antenna setting is used for simulations, but other MIMO
configurations can be applied by choosing different SNR and CQI mapping table [11]. Massive
MIMO system [49] is one of the important methods to improve received SNR cooperating with
the proposed algorithm. For propagation loss, the COST 231 suburban model [50] with the
standard deviation of lognormal shadowing 8dB is used. Besides, ITU Ped-B power delay profile

is also used in our simulations.

The subscribing UEs of each multicast group are randomly distributed in a single cell area,

with the eNodeB being located in the center. We have generated 100 uniformly distributed users
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(2-Dimentional Poisson Point Process) for each of the 4 distinct videos (Crew, Football, City, and
Harbour), therefore, there are in total 400 users subscribing videos. eNB can allocate the spectrum
resource for multicasting from 15% to 55% of whole spectrum resource, which corresponds to 15,
25, 35, 45, and 55 RBs in one OFDMA frame.

Table 3.5. LTE PARAMETERS

Parameter Value

Cell Radius 500m

Distance Attenuation 128.1+37.6*log(d), d[km]
Shadow fading Log-normal, 0 mean, sigma=8
Fast Fading ITU-R PedB

Carrier Frequency 2GHz

Scheduling frame 10ms

RB size 12 sub-carrier, 0.5ms
Sub-carrier spacing 15kHz

TTI Ims

EUTRA UE Antenna gain 0dBi, NF 9dB
EUTRA eNB Antenna gain 14dBi, NF 5dB
eNB transmit power 43dBm

MIMO configuration 1Tx, 1Rx

Thermal Noise -174dBm/Hz

B.SVC

Our proposed algorithm is compared with existing video multicasting algorithms, where OLM and
MSML are the most efficient and advanced multicasting algorithm for OFDMA systems as
reported in [25]. Since they are developed for layered video multicasting, in this paper, we compare
the proposed algorithm both with SVC video sources and DASH video sources. The difference
between these two video sources is layer dependency. Since the SVC videos always need lower

layers to decode upper layers, lower layers must be scheduled first. Therefore, the scheduling
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algorithm is restricted by the dependency. However, in DASH case, video rates are independent
and every user needs only one video rate to playback the video. If some users can subscribe
multiple video representations at the same time, it will choose better representation and discard

other representations.

Table 3.6. VIDEO RATES (Kbps) for SVC SIMULATION

Video BL L1 L2 L3
1| CREW 306 578 814 1184
2 | FOOTBALL | 442 827 1114 | 1621
3| CITY 448 923 1288 | 1943
4 | HARDBOUR | 577 1025 | 1379 | 1929

Table 3.6 shows the accumulating video rates of 4 distinct SVC video sources stored in the
video server to be adaptively multicasted through the eMBMS channels. These video layers are
scheduled based on the proposed algorithm, OLM, and MSML separately. Static resource

allocation schemes with FEC rates as 0.4 and 0.8 are also compared to see the effect of FEC. Utility,
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spectral efficiency, actual number of subscribers of each video and layer, and resource

consumptions are measured during the simulations for performance evaluation.

Fig. 3.5. shows the obtained utility of the SVC streaming over eMBMS channels. The
proposed algorithm can achieve the highest utility when compared to OLM and MSML, which are
the state-of-the-art algorithms for SVC video multicasting. The proposed algorithm, OLM, and
MSML all can achieve better utility than static schemes. Utility gradually increases as the number
of available resource blocks increase. Moreover, we can also see that more subscribers can receive
more video layers as the number of resource blocks increases, and the proposed algorithm can
most efficiently allocate the resources so as to get the highest utility. Fig. 3.6. shows the spectral
efficiencies of the comparing algorithms. Note that, MSML can achieve better spectral efficiency
than OLM when more resources are provided, because MSML can take advantage of frequency
diversity with more resource blocks. However, better spectral efficiency not exactly means better
utility. As we can see in Fig. 3.6, OLM has slightly better utility than MSML. We could find the
reason from Fig. 3.7, which shows the actual number of subscribers who can receive the video

layers. More subscribers can receive layer-3 (L3) with MSML than OLM, but less subscribers can

60 60 60 60
I Base layer [ Base layer [ Base layer [ Base layer [ Base layer
I Layer-1 50 [ Layer-1 50 [ L ayer-1 50 [ Layer-1 50 [ Layer-1
[iayer-2 A 0 [Layer-2 A 2 [Layer-2 a " [Layer-2 4 20 [iayer-2
I Layer-3 E I L ayer-3 E I L ayer-3 E I Layer-3 E I Layer-3
S] S] 5] 5]
5 30 5 30 5 30 5 30
o o o o
£ 2 £ 20 § 20 £ 2
=z =z =z =z
10 10 10 10
0 0 0 0
15 25 35 45 55 15 25 35 45 55 15 25 35 45 55 15 25 35 45 55 15 25 35 45 55
Number of RBs Number of RBs Number of RBs Number of RBs Number of RBs
(a) Proposed Method (b) OLM (c) MSML (d) FEC=04 (e) FEC=0.8




Utility

34

w
@
N

1 or 45
% SOL\ 0 ‘&zﬁﬁ
08 : \/9_9———"
y.
pe Ix/“ o \ - . /a———"
056 / .
0.4 7
=@ Proposed

Spectral Efficiency
5
///
Average PSNR (dB)
g

p

30 =6— Proposed \ 25 =O— Proposed
—A—0LM —A—OLM g = OLM
o MSML MSML MSML
: —H—FEC=0.4 20 —¥—FEC=0.4 20 —p— FEC=0.4
FEC=0.8 FEO=08 FEC=0.8
0 ‘ : : : ‘ 10 15
15 20 25 30 35 40 45 50 55 15 20 25 30 35 40 45 50 55 15 20 25 30 35 40 45 50 55
Number of RBs Number of RBs Number of RBs
Figure 3.9. Utilities of DASH dataset Figure 3.10. Spectral Efficiencies of Figure 3.11. PSNR of DASH dataset

DASH dataset

receive base-layer (BL) or L1 with OLM than MSML. Most of the subscribers using the proposed
algorithm can receive L2 or L3 layers. Therefore, these subscribers can combine all received video
layers to make higher quality video. Therefore, the proposed scheme can both achieve better utility
and spectral efficiency than other multicasting algorithms. Fig. 3.8. shows the actual number of
resource blocks allocated to each layer. The proposed method finds the optimal FEC rates and
MCS which makes it possible to allocate optimal resource. Fixed FEC methods cannot utilize the
resource efficiently. OLM and MSML can utilize the resource better than the fixed FEC methods,

but less efficient than the proposed method.

C. DASH

Table 3.7. shows the video rates of DASH dataset. Each video is encoded independently with 4
different video rates, with R4 being the highest rate for all the 4 distinct videos. These DASH
videos are scheduled based on the proposed algorithm, OLM, MSML and a static resource
allocation scheme with fixed APP-layer FEC rates as 0.4 and 0.8 to serve multiple users requesting
multiple videos with different channel conditions. These videos have higher video rates than SVC
video sources, because SVC creates one video by combining multiple layers but in DASH video

dataset, every video rate itself is one complete video and they are High Definition (HD) videos.
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Table 3.7. VIDEO SOURCES [51] for DASH SIMULATION
Video R1 R2 R3 R4
Big Buck Bunny 1662 2617 3842 4726
Elephant Dream 1568 2543 3603 4516
Valkaama 1516 2366 3676 4909
The Swiss Acount 1371 2182 3679 4712

A W ON

We again assume that there are 100 LTE users are requesting each video, and the local cache
has 4 different video (rate) representations of each video ranging from maximum 4.909Mbps video
rate to minimum 1.371Mbps vide rate, to be multicasted from the eNB using eMBMS channels.
The eNB has to allocate the RBs to 4 multicasting groups for each video and also find the optimal
MCS and FEC coderates. Note that RB, MCS, FEC are updated every FEC block, which
corresponds to 1second of time duration, i.e., 100 OFDMA frames. Fig. 3.9. shows the utility of
the videos for our proposed, OLM, MSML algorithms and static resource allocation scheme with
fixed FEC code rates as 0.4 and 0.8. All the algorithms can achieve better utility as the total number
of available resources increases while the proposed algorithm can achieve the highest utility. The
static resource allocation algorithm with FEC code rate 0.4 can achieve better utility than the
algorithm with FEC code rate 0.8, because it can recover more of lost packets. Figure 8 also shows
that the proposed algorithm achieves the best spectral efficiency. Unlike SVC video’s spectral
efficiency, Fig. 3.10. shows that the spectral efficiency of OLM, MSML and the static resource
allocation scheme decrease with more resource. OLM and MSML first schedule the lowest video
representation (R1) to guarantee all the users to receive at least one video rate, and schedule higher
video rates with remaining resources choosing subsets of the users. The resources allocated for
lower video representations could be wasted, because subscribers who can receive multiple video

representations will discard lower video representations.

Fig. 3.11. shows the average PSNRs, and, by comparing with Fig. 3.9., it shows that video
subscribers can see the video with higher PSNR with the scheme that can achieve higher utility.

Since the higher PSNR means that the decoded video is more similar with original video than the
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Figure 3.13. Resource allocation results of DASH dataset

decoded video with lower PSNR, video subscribers will see better video with higher utility. On
the other hand, the proposed algorithm can choose the best video set that jointly optimizes RB,
MCS, and FEC. Therefore, the proposed algorithm can achieve much higher utility and spectral
efficiency than OLM or MSML. Moreover, the proposed algorithm also makes all the users receive
at least one video rate. Fig. 3.12. shows the actual number of subscribers who receive each video
rate. Resource blocks consumed by each video rate are also shown in Fig. 3.13. The proposed
algorithm allocates resources to higher video representations and many users can receive higher

video representations, which mean more users can experience better video quality.

D. Complexity Analysis

Complexities of the proposed algorithm, OLM, and MSML are also analyzed. Complexity of
OLM is in the order of number of subscribers as described in [24]. Since OLM performs the MCS
selection by extracting one subscriber from a group until it finds the best MCS and grouping that

can maximize the spectral efficiency. This has to be done for all multicasting groups, but the
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number of groups is small when compared to the number of subscribers. Therefore, complexity
order is linearly proportional to the number of subscribers. Complexity of MSML [25] is in the
order of square of number of subscribers times number of available resource blocks since MSML
needs to search all possible resource blocks of all subscribers, this makes the searching space as
Nue by Nre-sized square grids. Moreover, MSML also needs to perform grouping in similar

manner with OLM.

Proposed algorithm’s complexity is order of logarithm of number of resource blocks and
possible combination of video representations. The heaviest part in terms of computational
complexity is a bisection search algorithm to find optimal resource allocation, and it must be
performed for all possible combinations of video representations. Therefore, the computational
complexity of the proposed algorithm depends the number of videos and representations, while
OLM mainly depends on the number of subscribers. Both parameters affect MSML algorithm’s
computational complexity. Table 3.8. shows the comparisons of complexities. CPU time is
measured using Matlab when there are 4-different videos with 4-different representations. This
experiment is repeated with two different number of subscribers, which are 400 and 800. Proposed
scheme takes same amount of time to complete its computation for different number of subscribers,

while OLM and MSML takes twice longer to complete their computation with more UEs.

Table 3.8. COMPUTATIONAL COMPLEXITIES

Algorithms Proposed OLM MSML
Complexity O(M" log(Ns)) O(Nue) O(MYNggNye)
Nue=400, nrs =15 0.28 sec 0.08 sec 3.53 sec
(?PU Nue=800, nrs =15 0.30 sec 0.10 sec 8.15 sec
fime Nue=400, nrs =55 0.72 sec 0.09 sec 11.07 sec
(5e¢) Nue=800, nrs =55 0.75 sec 0.11 sec 22.69 sec
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The proposed algorithm can complete its whole computation much faster than MSML with
better utility and spectral efficiency. This experiment shows that the proposed algorithm need more
time to finish its computation than OLM, but it can achieve better performance than OLM and its
complexity does not change with the number of subscribers. Moreover, OLM assumes that the
server receives the feedback information from all the users to measure the packet loss rate, which
implies that it uses RTP/RTCP which is not always available in DASH platform. The proposed
algorithm is compatible with DASH because the server does not need the RTP/RTCP information.
The processing time of OLM and the proposed algorithm are less than a second because the number
of RBs are smaller than the number of subscribers. Moreover, the performance gain we can get
from using the proposed algorithm is high especially when DASH type of video streaming

platform is used.
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Chapter 4
QOE-DRIVEN VR VIDEO MULTICAST OVER LTE

4.1 Overview

Virtual Reality (VR) is getting more popular these days, and more people can enjoy more realistic
experiences with VR systems [7]. Moreover, it allows people to look around the virtual world and
feel like they are actually in the environment. VR gaming also can provide a more exciting
experience to gamers. However, it is a more challenging task to make users satisfied with the
quality of the VR videos, because VR videos need much higher resolution than conventional
videos. Users cannot see the whole video at the same time, they can only focus on the area that
they want to see and the area is usually only 20% of whole video [8]. Therefore, 4~6 times more
resolution is required for VR videos to provide the same experience as conventional videos. On
the other hand, this fact allows the saving of bandwidth, because 80% of the video is unseen by
the user at a given time. In an ideal case, we could save 80% of the bandwidth; but in practice, we
still need to transmit redundant areas of the video because it is difficult to predict how a user’s

viewport will change.

The original DASH system allows the clients to do the video rate adaptation, but it is difficult
to do the individual rate adaptation in multicast systems because the users grouped in to the same
group share the same spectrum resource and they receive the same video rate even though they
have different channel quality. Rather than doing the individual rate adaptation, the server can
adaptively choose the video rates of the tiles to maximize the expected total utility of the users.
Feedback information of users’ viewport can be used to decide which tiles should have better video
rates to satisfy more users. Another way to decide which tiles are more important than others is
analyzing the video at the server side. The server can analyze the video contents first and then
decide which part may have higher interest from users. Saliency [52][53] of the video is one of the
useful indicator to find the important area of the video. Therefore, we can give more bits to the
area that has higher saliency to satisfy more users. Saliency detection algorithms usually find the

area that has high contrast or active movement in the video [54][55], because those area usually
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have richer or more appealing information such as important texture or moving objects. By using
the saliency information, the server can allocate more bits to the areas that have higher saliency
scores to make them clearer. There are many video saliency detection algorithms to find which

parts are more important and interesting to users.

There are two possible ways to do the VR video multicasting. Since the multicasting featured
by grouping the users to share the same resource. First, the users with the same view can be
grouped into a multicast group. The number of multicast group is the same as the number of views
[56]. It can save some resource by sharing the same view with many users, but we cannot take
advantage of using a multicast scheme when users have different channel quality. All the
multicasting groups will suffer with the user with very bad channel quality. Moreover, all the users
eventually need to receive all the tiles because there is latency between the server and the client
which is difficult to overcome. Second, users can be grouped with their channel quality. This
grouping strategy helps to select more efficient MCS and the application layer forward error
correction (AL-FEC) code rate to allocate better video. As the number of users could join the group
with better video increases, total utility is also improved. Therefore, we have designed the

multicast systems based on the second scheme that groups the users with their channel quality.

The clients in a DASH-VR multicast system request video chunks to the server based on MPD,
SRD, and VRD information. The DASH server starts to deliver the tiled-video data. BM-SC

creates the multiple video sessions that will deliver the tiled-videos with multiple video
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representations. BM-SC is also responsible for adding AL-FEC redundant blocks for the lost
packet recovery. Multiple video multicast sessions are created to deliver multiple VR videos and
multiple video representations to different user groups. A video session can contain a single tile or
multiple tiles. MBMS-GW passes the video data to the eNBs and MCE allocates the resource for
video sessions and assigns the proper MCS for the resource. Users participate on video sessions
and the users who can participate on the multiple video sessions have chances to choose better
representations. eNB receives the CQI feedback information from the UEs to help allocating

resource blocks (RB) and choosing AL-FEC code rate and MCS for the multicasting sessions.

The difference between a multicast session and a multicast group is that a multicast session
denotes a video session that uses the radio resource controlled by the MCE, while a multicasting
group denotes a set of users grouped by their channel conditions and subscribing the same video.
Note that users can subscribe multiple multicast sessions at the same time, therefore, the number
of multicast sessions and the number of multicast groups are not necessarily the same. The
multicast groups are arranged based on the channel condition and the user groups with high

channel quality can take advantages of subscribing multiple multicast sessions.

We can consider two different ways to create the video multicast sessions. One is the per-tile
multicasting (PTM), that considers the tiles as independent videos, where each tile has its own
resource and every UE subscribes all necessary sessions to regenerate the VR video. It needs to
create multiple multicasting sessions as many as the number of tiles times the number of
representations for a single VR-video content. All possible video representations of all tiles are
available for the users based on their channel quality, and the users regenerate the VR-video with
the tiles that has the best quality they can decode. For example, if there are T tiles and M
representations for each tile total T<M multicast sessions can be created. MCS, AL-FEC, and
resource for all multicast sessions have to be determined to maximize the total utility. Its search
space to find optimal solution is MT. Each user selects one representation for one tile and subscribe
T multicast sessions to regenerate the VR-video. It generates too much control signal and the

complexity of the solution increases with its number of multicast sessions.
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Figure 4.2. Multi-Session Multicast mechanism for VR video multicast

The other is the multi-session multicasting (MSM), which creates the same number of
multicast sessions as the number of user groups. Each multicast session includes multiple tiles with
different quality. Fig. 4.2. shows an example of MSM system with 3 groups and 3 multicast
sessions. Fig. 4.2.(a) shows the tiled-video encoded with multiple representations. Every tile has
multiple copies with different representations (qualities) and they are generated by legacy video
encoder with different quantization parameters (QP). Higher representations indicate better
qualities, and they need more bandwidth to be transmitted. Fig. 4.2.(b) shows the rate selection
results for multiple multicast sessions. The first multicast session has all the tiles with lower
representations to guarantee all the users requesting the VR video to receive at least lower quality
video. The second and third multicast sessions do not need to have all the tiles. They allocate
higher representations to improve the quality of the tiles for the users with better channel quality.
Therefore, they are allocated on the wireless resource with more efficient MCS and AL-FEC code
rates (Fig. 4.2. (¢)). The users can subscribe multiple multicast sessions at the same time, but their
channel quality should be good enough to decode the data packets assigned with certain MCS and
AL-FEC. In Fig. 4.2.(e), the user group 1 only can receive the data in the multicast session 1, while
user group 2 can receive multicast session 1 and 2. The user group 3 can receive all three multicast
sessions. Therefore, the user group 2 and 3 have chance to choose better representations from

multiple representations they can receive.
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Since MSM’s multicast session includes the multiple tiles, it creates less multicast sessions
than PTM. Another advantage of MSM is that it can use existing rate selection algorithms
introduced in Chapter 2. The rate selection algorithm such as [33] can work to allocate the tiles of
different representations with the bit rate constraint of each multicast session. The bit rate
constraints of each multicast sessions are determined by the resource allocated on the multicast
sessions, MCS, and AL-FEC code rates.

Table 4.1. NOTATIONS USED IN THIS CHAPTER

c(MCS) Capacity of an RB with selected MCS
u(r) Utility model, a function of video rate r
a,fp Normalization coefficients of u(r)

r Video rate

Qg Video representation of tile # for multicast session g
Ry Maximum video rate

foar Margin factor of AL-FEC

g Group index

t Tile index

G Number of groups

T Number of tiles

Yvcs Threshold SNR with selected MCS index
7i Average SNR in dB scale of UE i

S Saliency score of tile ¢

K Number of data packets in an AL-FEC block
N Number of packets in an AL-FEC block
Ng Set of UEs in group g

SE; Spectral Efficiency of user i

SEmin,g Spectral Efficiency of user group g

Npg Total number of available RB

Nre g Number of RBs assigned to group g

U, (Ngs) Approximated utility of group g
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There are six parameters to be optimize in the MSM system for VR-video multicast, including
the number of multicast sessions for the video, user groups, resource allocations, AL-FEC code
rate, MCS index and video data rate of tiles. These parameters are mathematically formulated to

maximize the total utility.

4.2 Problem Formulations

The mathematical expressions of Quality of Experience (QoE), Spectral Efficiency (SE), and
utility maximization problem are described in this section. The QOE to be maximized is modeled
as utility that describes the expected QoE when the video is delivered to the users. The SE is
derived based on grouping result. Since MCS and AL-FEC directly affect the SE, we can reduce
the number of control parameters by formulating the relationship among MCS, AL-FEC and SE.
Utility maximization problem is formulated using the widely accepted QoE model and SE with

wireless resource constraints. Table 4.1. includes the notations used in this paper.

A. QoE Model

It is known that the user experience is not linearly proportional to the video rate and is gradually
getting saturated with higher video rates. In this paper, the well accepted logarithmic law [39] is

considered to quantify the quality of user experience based on the video data rate:

r
0(r) = alogﬂﬁ, r>0, @)

0, r=0
where r €{0,R,R,,..., Ry}, u(r) denotes the utility, which is the function of the allocated video
rate; R, is the video rate of the M -th video representation; R,, is the maximum video rate in the

server; and .- and g are the normalization coefficients to ensure utility u(r) staying in the range

between 0 and 1. They can be empirically determined for different applications.
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Since the tiles are encoded independently with many different qualities, every tile has its own
utility value with assigned rate. We estimate the utility of a video to quantify the user’s experience,
which is a weighted combination of multiple tiles. We give the weighting on each tile based on the
saliency information extracted from the video contents. Therefore, the total utility of the video that

users really receive is
.
2u(r)S:, 4.2)
t=1

where S, is the saliency score of the tile t. Higher saliency scores of the tiles mean that people
may be interested in the tiles more than other tiles with lower saliency scores. The utility model
implies that we can achieve higher utility value when we allocate more bits to the tiles with higher
saliency scores.

The utility model is not restricted with saliency weighting. S, can be other weighting

coefficient such as number of users who see the tile. We used saliency score because it does not
require the feedback information from users. However, if feedback information is applicable at the

server side, users’ viewport information could be used to define the weighting coefficients.

B. Spectral Efficiency (SE)

Spectral efficiency (SE) indicates the actual information bits an RB can carry over the LTE channel.
Therefore, redundant bits or packets are not counted as information. The SE is a function of MCS

and AL-FEC code rate:
K
SE = C(MCS)N , 4.3)

where ¢(MCS) is the efficiency [11] of an RB with a specific MCS index, and K / N is the AL-

FEC code rate. The redundant bits or packets also help improve SE, with a certain level of packet-
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loss rate, and SNR, because they help to recover information from lost packets. Using the fountain

code, the AL-FEC code rate for successful packet recovery is given as [13]:
_ K
(1_ Pout (7/MCS 17 )) fmar > N > (44)

where P

out

(7wes»7:) is the outage probability of user i given average SNR 7, , threshold SNR 7, ,

and selected MCS [43]; f_.. denotes the margin factor for describing the non-ideal AL-FEC

decoding capability. The received SNR is modeled as Log-normal random variable because of

exponential effective SNR mapping (EESM) [41] based link error prediction used for OFDMA

systems. Therefore, the outage probability P, (¥ycs,7;) is CDF of a Log-normal distribution. The

packet loss rates can be used rather than the outage probability. However, in this paper, we assume

that the eNB is unaware of users’ application level information.

We can select an AL-FEC code rate directly from (4) since the most efficient AL-FEC code

rate is the largest code rate that satisfies (3), and the SE of user i becomes
SE; =c(MCS)(1— P (Pwes 1 7)) Fonar - 4.5)

Spectral efficiency is a function of MCS and the average SNR of user i. Every user has his/her
own MCS that maximizes the SE, because the efficiency increases with a higher MCS index, but

the outage probability will also increase. Therefore, the best MCS for user i is given as
MCS”; = argmax c(MCS)(1~ Py, (ycs  71) rar- (4.6)

The spectral efficiencies of the groups depend on how we group them. If multiple users with
different SEs are grouped together, the SE of the group is determined by the user with the smallest

SE of the group, SE because users in the same group share the same resource and see the

min,g !
same video; and the video rate should be small enough to be successfully delivered to all the users

in the group, especially the user with the smallest SE.
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C. Utility Maximization Problem

The purpose of this work is to find the optimal solution to maximize the total utility of the users
in the LTE network. Therefore, we sum together all users’ expected utility to formulate the

problem as

N T

Q, : maximize Y >u(r,)S,, 4.7)

i=1 t=1

where N is the number of users, T is the number of tiles, r,, is the video rate that is allocated to

the tile t for user i, and S, is the saliency score of tile t. Since the saliency score is measured from

the original video, it is the same for all users.

To save the spectrum, we can apply the multicasting scenario on the original problem Q, by

grouping the users based on their channel quality instead of grouping on tiles. A multicast session
includes multiple tiles, with each tile being encoded with the same MCS and AL-FEC code rate.
Multiple multicast sessions can be created with different MCS and AL-FEC code rates. Since a
single multicast session can contain multiple tiles, some users can reconstruct a VR-video by
subscribing only one multicast session. If users are able to decode the video from the multiple
multicast sessions, users can choose which one to play. It is a much more efficient way to utilize

the limited resource when the users need multiple tiles at the same time.

The utility maximization problem of the VR-video multicast system can be formulated as
follow. Four parameters to be determined to solve the problem: the number of multicasting groups

G, a user grouping assignment N, the resource allocation n, , and the rate selection on the tiles:

RB,g’

G T
Q, : maximize »'|N | >u(r, )S,, (4.8)
t=1

G.INgl.ngg.Q g-1
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subject to
Mo < nRBygSEmm,g, g>1
t={refl, . THQ, 4 >Q.1 g1} (4-9)
fo . <Meg ¢ SErin g g=1
t={1,..T} "
fo, €{0.R R, Riu} (4.10)
G
D Nesg < Npgg (4.11)
g=1
Neg.g =0 (4.12)
where N is the set of users joining a group g,
{i€N|SE, 4 <SE <SE ), §<G
N, ={’ ) (4.13)
{ieN|SE,,, <SE}, g=G

| N |is the number of users in the group g; u(ry,,) is the utility determined by the allocated
rate r, , and Q, €{1,2,...,M}is the index of the selected video representation for the user group g
and tile t. The total utility is the summation of the utilities of each group, which is a combination
of the tiles’ utilities weighted by S, , times the number of users in a group. If more people can see

better representations on their salient part, the total utility can achieve a higher value. There are
resource constraints (4.11),(4.12), e.g., groups share the total resource, and the tiles in a group

share the resource allocated to each group.

Four parameters G*,N",n",;,and Q",  jointly contribute to the total utility. The cross-layer

optimization framework is proposed in the next section to maximize the utility by configuring

these parameters
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4.3 Cross-Layer Optimization Framework

The goal of the cross-layer resource allocation framework, as shown in Fig. 4.3., is to find the

number of the multicast group (G*), user groups N, resource allocation n*RB,g , and rate selection

vector Q*g for all g. These parameters are found by performing three functional blocks/algorithms,

which are (A) grouping algorithm that decides the number of the multicast group (G*), user groups

N, and the groups’ spectral efficiency SE,;,,, (B) resource allocation algorithm that decides
n*RB,g for all g, and (C) the rate selection algorithm that decides the utility U, the curve fitting

results A, B, and the tiled-video rate selection result Q*g for all g. These functional blocks,

which are mutually dependent, jointly work to find the optimal solution based on two-nested loop
iterations. The first loop iteration (Iteration-1) finds the best number of groups and their spectral
efficiency by measuring utility result maxU, which is initialized as 0. Iteration-1 starts from G=1
and increases G until the resulting utility of Iteration-2, U, is larger than the utility achieved in the
previous iteration, maxU. We can achieve better utility and spectral efficiency by dividing all users
into smaller groups, since the groups with better spectral efficiency can achieve better utility using
the same amount of the resource; but total utility will decrease when there are too many groups
because each group can only have a small number of resource blocks. The second iteration
(Iteration-2) makes the (B) resource allocation and (C) rate selection algorithm work together to

maximize the U with given grouping results G and SE,_. .. Within the first round of Iteration-2,

min,g
there is no information about the utility as a function of resource allocation, therefore, we cannot
perform the optimal resource allocation algorithm directly. The rate selection algorithms (C)

perform with evenly allocated resource to all groups return the A, B, of approximated utility

functions
Ug (nRB) = Ag Iog(BgnRB) (414)

for all g. The resource allocation algorithm (B) uses the information A, B, to find the optimal

solution. The resource allocation results are passed into the rate selection algorithms (C) again and
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Figure 4.3. Cross-layer optimization framework

they return the utilities. The summation of utility values is compared to initial utility value U and

if it is larger than U, which will be updated with the new utility result. The A; and B, of the utility

function (4.14) found from the rate allocation algorithm are approximated values, therefore,

Iteration-2 continues to find better solution.

The proposed cross-layer optimization framework optimizes the multicast system every 1
second, which is corresponds to 100-OFDMA frames and every OFDMA frame contains one AL-
FEC block. Therefore, K-OFDMA frames delivers the data, and (N-K)-OFDMA frames deliver
the redundant data, where N=100. User groups are also updated every 1 second, therefore, users

can change their video quality every one second, and 1 second is consistent with the segment
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duration defined in DASH. The optimization period is adjustable by controlling the segment
duration and N values. The detailed operations of the functional blocks (A), (B) and (C) are

following.

A Grouping Algorithm

The goal of grouping algorithm is to determine the number of multicast groups, the group sizes of

all multicast groups and their spectral efficiencies. The grouping results G, | N |, and SE are

min, g
given to the resource allocation algorithm to find the optimal resource allocation solution. G is

determined by Iteration-1.| N |is determined by the minimum spectral efficiency of the group g,

SE_. ... The exhaustive search (i.e., trying all possible groupings) can certainly achieve the optimal

min,g
solution when combined with the optimal resource-allocation algorithm. However, its complexity
increases exponentially with the number of groups. Therefore, a simple heuristic search, which
maximizes the overall spectral efficiency (MaxSE), is proposed for the optimization. Initially, all
the users are in group 1, therefore, the spectral efficiency of the group 1 is set to the spectral
efficiency of the user with the poorest channel quality. Then the users are divided into two groups
to maximize the total spectral efficiency. The users in the group 2 can be further divided into two
groups to generate the third group. This procedure is repeated to generate more user groups. The

spectral efficiency of the group g determined by the MaxSE method is

SEqing = SE, (4.15)

9

where the boundary user index kg of group g is

arg min(SE,), g=1
k _ ieN
g argmax  {| N, |SE

ie{neNISE, >SEpin g1}

+|Ng|5Ei}’g>1 (4.16)

min,g-1

N | forall g are determined by (4.13).
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B. Resource Allocation

The goal of resource allocation algorithm is to allocate radio resource to each multicast group. The
rate-selection algorithm shown in the next section gives the estimated utilities of all groups, each
of which is a function of the allocated number of RBs. Moreover, for every possible grouping
solution, an optimal resource-allocation solution exists. Note that the original problem Q2 is
formulated as a convex optimization problem, since the utility functions (4.14) have convex forms

and the constraint is convex:
- - G
Q, : maximize Y |N, U, (N,), (4.17)
RB g=1

subject to (4.11), (4.12).

Using the Lagrangian method,

L(nRB’ﬂ“’Z;) = Zl Ng |Ug (nRB,g)
g=1

] . ’ (4.18)
—i[z Nre.g — NRB)+Z§QHRBv9
g-1 g1
Gradient of (4.18) is
5L(nRB,/1,C):|Ng|A9_/1+§ (4.19)

5nRB Nea,g

The optimality condition can thus be derived by using Karush-Kuhn-Tucker (KKT) conditions
[47].

1. Primal feasibility : D" Ngy o =Npg, Mg g >0.
2. Dual feasibility : £, >0.

3. Complementary slackness : £, Ngg , =0.
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The gradient of Lagrangian vanishes when

A*leglAg

- (4.20)

RB,g

holds for all g. Therefore, the optimal resource allocation solution is n*RB,g , which satisfies (4.20)

for all g.

C. Rate Selection

The goal of the rate selection algorithm is to determine the DASH-VR representation of the tiles
and to allocate radio resource for each tile within a multicast group. Each multicast session has its
own resource that is assigned by the resource allocation algorithm. In this way, each group should

achieve the maximum utility using the assigned resource. We can write the problem as

;
Q, : maximize U :Zu(ng't)St, (4.21)
t=1

Qg7

subject to (4.9), (4.10)

where n_, ,SE_._1isan achievable rate for group g. A greedy algorithm is introduced to solve the

RB,g min,g

problem. It makes a list of the total utility per cost (rate) with candidates R, (4.10). The Q,, that

can increase the total utility per cost (rate) the most is chosen first and excluded from the list. The

algorithm continuously chooses the Q,, until all the rate resource is used up. The algorithmic

difference between our proposed algorithm and the one introduced in [33] is that ours considers
the condition of the lower group (i.e. the user group with worse channel quality). Since the upper
groups (i.e. the user group with better channel quality) can subscribe the lower groups’ tiles, some
of the tiles already have available videos, even though the upper groups do not allocate the video
for the tiles. Therefore, an upper group does not need to pay the cost to subscribe the same
representations as a lower group, but it needs to pay its own cost to subscribe better representations

than the lower group. The cost matrix [C, , ] shows the “marginal” cost to pay for subscribing the
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Figure 4.4. Curve fitting results of video utility function

m-th representation on tile t. After the first representation is selected, the algorithm can improve
the representation, and it only needs to pay the difference between the allocated representation and

the new representation. Therefore, the cost matrix is

Rt,m _Rt,m—li mZQt,g—l+2
Cin= 1Rum m=Q,,,+1. (4.22)
m< Qtygf1

0,

where Q,, indicates the selected representation index of tile t for group g. The utility matrix is

m2>2
(4.23)

U(Rt,m) _U(Rt,m—l)!
m=1

given as

t,m

U(R ),

a, ., is the effective utility, which shows how much we can improve the total utility, when the m-

th representation is selected for tile t.
As the algorithm performs the iteration, it collects the increased utility per consumed resource.

We can draw the curve with the data to find the relationship between the resource usage and the
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utility. The curves differ with the spectral efficiency curves of multicast sessions, because every
multicast session has different spectral efficiency and the utility depends on the condition of other
multicast sessions. We have used logarithmic function (4.14) to model the curves, and performed

the curve fitting to find the parameters A  and B, . Fig. 4.4. shows the example of the curve fitting

results of video utility function under different radio resource allocations when there are two video
multicast sessions. The first multicast session (g=1) makes the utility increases fast by allocating
the lower video representations but the slope of the curve decreases because it needs more resource
to allocate the higher video representations with its lower spectral efficiently. The second multicast
session can allocate the tiles with higher video representations more efficiently than the first
multicast session, therefore, its utility increases fast again by allocating the videos on the second
multicast session. The gap between the blue curve (g=1) and the red curve (g=2) shows the utility
gain achieved by allocating the tiles on the second multicast session. The slopes of the curves
indicate the efficiencies of the multicast sessions, therefore, this information is used to do the

optimal resource allocation. The detailed algorithm is described in Table 4.2.

Table 4.2. RATE-SELECTION ALGORITHM

INPUTS: Nygy » SEping
OUTPUTS: A,,B,,Q,,

0, S
1. Make a list of Bum> for all (,m) pairs except the pair with C, =0

t,m

2' Set Ccurrent: 0’ Ucurrent = 0
3' While Ccurrent < nRB,gSEmin,g
U S
4. Allocate (t,m) pair that has maximum —"—  and exclude the pair from the list
t,m
5 Mark Q, , =m
6 Update Ccurrent = Ccurrent + Ct,m
7' Update Ucurrent = Ucurrent + Gt,mst
8 Collect the pairs (X, Y) = (C_ent / SEmin, ; U urent)
9 end while

10. Do the curve fitting with (X, Y) to find A, and B, of y= A, log(B,x)




4.4 Performance Analysis

The performance analysis is conducted using the standard LTE parameters [46][57] described in
Table 4.3. Exponential effective SNR mapping [41] is used to map the channel state onto an
effective SNR. Finally, the effective SNR is mapped onto the MCS table [11], ensuring a block
error rate (BLER) value lower than 10%. 1000 UEs are generated and randomly distributed in the
cell area. 20 to 100 RBs are used to transmit 360-degree tiled VR video over the LTE eMBMS
channel. The videos of resolution 3840x1920 with 16 tiles are used for the simulation. Each tile
has four different representations encoded with different QP values (25, 30, 35, and 40) [58], which
resulted in tiled video rates 13Kbps to 7.7Mbps. Each tile is encoded by a legacy video encoder

(ffimpeg) [59] and the total bitrate to deliver the best representations for all tiles is 40Mbps.

Table 4.3. LTE PARAMETERS

Parameter

Value

Distance Attenuation
Shadow fading

Fast Fading

Carrier Frequency
Cellular Layout
System Bandwidth
Scheduling frame
RB size

Sub-carrier spacing
Extended CP Duration
TTI

EUTRA UE

EUTRA eNB

eNB transmit power
MIMO configuration
Thermal Noise

128.1+37.6*log(d), d[km]
Log-normal, 0 mean, sigma=8
ITU-R PedB
2.6GHz
3 cell sites
20MHz
10ms
12 sub-carrier, 0.5ms
15kHz
16.7us
Ims
Antenna gain 0dBi, NF 9dB
Antenna gain 14dBi, NF 5dB
43dBm
1 Tx, 1Rx
-174dBm/Hz

The proposed resource algorithm, a convex-optimization method (Convex), is compared with

some existing solutions for resource-allocation: 1) the exhaustive search (Exhaustive), 2) the
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equal-resource allocation (Equal), and 3) the broadcast algorithm (Broadcast). Exhaustive search

tries all possible resource allocations, and the equal-resource allocation allocates the same amount

of the resource to each multicast session. The broadcasting algorithm allocates all available

resource to group 1. The median-quality scheme (MQS) [26] algorithm is a grouping algorithm



42

Exhaustive+MaxSE
Convex+MaxSE
Equal+MaxSE

A Exhaustive+MQS

Average PSNR (dB)

=== =: Equal+MQS
Broadcast

3.944

......... Convex+MQS 38<' s

Exhaustive+MaxSE
Convex+MaxSE
Equal+MaxSE

A Exhaustive+rMQS
--------- Convex+MQS
== ====: Equal+MQS
Broadcast

38 L 1 L
20 40 60 80 100 20

NRB

(@) Utility

1000 100
900
800 r
700 ¢
600 r
= 5001
400 r
300 1
200 r

100

20 40 60 80 100

(c) Number of users

40 60 80 100
N RB

(b) Average PSNR

80

I VS
I vis2
[CCwmss
I VsS4

60 r

40 1

20 r

20 40 60 80 100

NRB

(d) Resource allocation

Figure 4.11. User distribution 2

58

that selects the user with the median SNR in a group as the boundary for dividing the group in half.

The MaxSE algorithm, which maximizes the SE, is our proposed grouping algorithm. Six

combinations of these algorithms and broadcast are tested. The proposed tiled video rate-allocation

algorithm is applied in all simulations.

Fig. 4.5. shows the total utilities achieved by the competing methods. The proposed resource-

allocation algorithm (Convex) combined with any grouping algorithm achieves the best utility

performance, having the same results as the exhaustive search. Fig. 4.6. shows the average peak

signal-to-noise-ratio (PSNR) of the videos that are delivered using the introduced algorithms. It

shows that we can deliver more similar videos to the users using the proposed algorithm. It also
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shows that the utility value is a good indicator to describe the users’ experience in mathematical
form. Fig. 4.7. shows the utility performance of Convex+MaxSE with different total numbers (G)
of groups. We can see that the utility performance is the best with G=2; therefore, the proposed
algorithm stops after testing the utility with G=3, and decides the best solution is G=2. This fact
implies that creating two multicast sessions to allocate better representations improves the total
utility when compared to broadcasting the same representation of tiles to all users. However,
creating too many multicast sessions cannot improve the utility because multiple copies of the
same tile are allocated using the wireless resource. Fig. 4.8. shows the number of users in each
group when Convex+MaxSE scheme is used. There are two groups and the number of users who
can join the group 2 is larger than the number of users who join the group 1. Fig. 4.9. shows the
number of resource blocks allocated for each multicast session (MS) when we use the

Convex+MaxSE scheme.

The proposed algorithm is tested in different user SNR distributions to see how it works in
different environments. The resulting users’ average SNR distribution generated by using Table
12 is shown by user-distribution-1 in Fig. 4.10, with an average SNR range from 0dB to 50dB.
User-distribution-2, and user-distribution-3 are also generated to show the performance of the
proposed algorithms in the case that most of the users in the LTE system have higher average
SNRs. User-distribution-2 assumes that the users are located densely, therefore, variance of the
average SNR is very small. User-distribution-3 assumes that the users have good channel
conditions, but the variance of the average SNR is the same as user-distribution-1. Fig. 4.11(a)
shows the utilities that can be achieved by applying the algorithms. The performance gap between
the proposed algorithm and the broadcast algorithm is smaller than in user-distribution-1. We can
find the reason in Fig. 4.11(d), which shows the resources allocated for each multicast session.
Most of resources are allocated in multicast session 1 (MS1) because it contributes to improving
the total utility the most. It is different from the resource allocation results for user-distribution-1
shown in Fig. 4.10. Since there are more users with lower average SNR in user-distribution-1, the
proposed algorithm gave minimum resources to multicast session 1 (MS1) to satisfy the users with
lower SNR and more to multicast session 2 (MS2) to improve the total utility more efficiently than

in multicast session 1 (MS1). Moreover, user-distribution-2 opens more multicast sessions than
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user-distribution-1 because using a smaller number of RBs by allocating only a few tiles with
better representations improved the total utility. Most of the tiles already had the best

representations in multicast session 1.

Fig. 4.12. shows the selected representations for all groups of users for all 16 tiles in user-
distribution-1. Fig. 4.12(a) shows the representations that user groups 1 and 2 could see in their
views. Those in group 2 could see much better quality since most of the tiles have better
representations than those of user group 1. Fig. 4.12(b) shows the simulation results with the Equal
resource allocation combined with the MaxSE grouping algorithm. The difference with Fig. 4.12(a)
is the representation of tile 5 for user group 1. It shows that the proposed resource allocation
method could allocate the resource more efficiently than the Equal resource allocation method.
Fig. 4.12(c) shows the simulation results using Convex+MQS. Users in group 1 had better
representations than the Convex+MaxSE method, and users in group 2 had worse ones because
the MQS algorithm led more users to join group 1, and the Convex resource allocation algorithm

gave more resources to group 1 to maximize the utility. Fig. 4.12(d) shows the results with
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Equal+MQS. Users in group 1 received worse representations than Convex+MaxSE, but users in
group 2 received better ones. However, the number of users who could join group 2 was smaller
when we used MQS; therefore, the total utility and average PSNR with Equal+MQS were worse
than with Convex+MaxSE. Fig. 26(e) shows the result with the Broadcast scheme, which allocated
all resources to group 1 and performed the same rate-selection algorithm. Since it could not utilize
the resources because of the users with low SNR, most of the tiles could not have higher

representations.

Fig. 4.13. shows the selected representations for user-distribution-2. Since all the users in user-
distribution-2 had very good channel quality, most of the tiles could have high representations
through the Broadcast scheme. However, there is still some space to improve the visual quality for

users with better channel quality. Fig. 4.13(a) shows that the Convex+MaxSE scheme creates four
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Figure 4.15. VR video example Figure 4.16. Saliency map

groups. The users in group 1 received worse representations on tiles 13 and 16, but the users in
groups 3 and 4 received better ones on tiles 9, 11, and 12 than with the Broadcast scheme. Since
the tiles 9, 11, and 12 have higher saliency scores than the tiles 13 and 16, we can expect users to

see better quality in their views.

Fig. 4.14(a)(b). shows the utilities and the average PSNRs of the algorithms. Fig. 4.14(c)(d)
shows the number of users in each group, and the wireless resource allocation results with the user-
distribution-3 using the Convex+MaxSE scheme. Since the variance of the users’ average SNR in
user-distribution-3 is greater than the that of user-distribution-2, the utility and the average PSNR
performance gap between Convex+MaxSE and Broadcast scheme is larger than the performance
gap in user-distribution-2. Since most of the users have very good channel quality, multicast
session 1 (MS1) occupies most of the resources, and MS2, MS3, and MS4 only have small amount

of resources to improve the total utility.

Fig. 4.15. shows the VR-video examples. We took two different viewports of a VR-video to
qualitatively compare the performances. The scene 1 includes sky and cloud, where users may not
give much attention. The scene 2 includes buildings, where users can see texture. Scene 2 has
higher saliency score than the scene 1. Fig. 4.16. shows the saliency score of the video. Fig. 4.17.
and Fig. 4.18. show the visual quality of the scene 1 and the scene 2 respectively, where Broadcast
scheme and Convex+MaxSE scheme are used with user-distribution-1. Fig. 4.17(a) and 4.18(a)
are two different scenes shown to users using the Broadcast. All of the users see the same quality.
There are recognizable blocks in the scene with the lower video quality that made the users feel

the poor quality. The Convex+MaxSE method divided the users into two groups based on their
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(a) Broadcast (b) Convex+MaxSE (g=1) (¢) Convex+MaxSE (g=2)

Figure 4.17. Visual Qualities — Scene 1

-c-

(a) Broadcast (b) Convex+MaxSE (g=1) (c) Convex+MaxSE (g=2)

Figure 4.18. Visual Qualities — Scene 2
channel quality. Group g=2 see better quality than group g=1. Fig. 4.17(c) and 4.18(c) are the
scenes shown to user group g=2, and Fig. 4.17(b) and 4.18(b) are shown to user group g=1. The
multicasting group g=2 received better video quality than the users with the broadcasting method.
Multicasting group g=1 has similar video quality with the broadcasting method. Note that only 35%

of users joined group g=1, while 65% joined group g=2, which could see much better quality.
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Chapter 5
CONCLUSION AND FUTURE WORKS

5.1. Conclusion

In this dissertation, we present the video multicast systems and its optimization algorithms. The
system includes the optimal resource allocation algorithms, video rate selection algorithm, MCS
selection algorithms, and AL-FEC rate selection algorithms. The proposed algorithms jointly

optimize the video multicast systems that deliver the SVC, DASH, and VR videos.

An optimal DASH multicasting algorithm is proposed to achieve the higher utility with the
limited spectrum in overloaded situations. An optimal solution for maximizing utility is provided
by using a convex optimization technique. The proposed scheme can allocate the optimal resource
and choose the best MCS and FEC code rates for multiple FLUTE sessions to maximize utility.
Efficient MCS selection algorithm is also introduced to reduce the complexity of the algorithm.
The simulation results show that the proposed algorithm is optimal. By using the proposed
algorithm, more users in the network can get the video with better quality when the eNB multicast
the multiple representations. The proposed algorithm is applicable to both SVC and DASH type

of video sources.

We propose MSM system to allocate the multiple tiles on a single multicast session and
generates the multiple multicast session to provide set of tiles with different representations. The
proposed tiled video multicasting scheme uses the limited wireless resource more efficiently than
other VR multicasting schemes. A cross-layer optimization framework for the VR-video multicast
system is proposed to achieve a higher utility with a limited spectrum in overloaded situations. We
have theoretically formulated a relationship among user groupings, MCS and the AL-FEC code
rate to simplify the problem solution. A grouping algorithm for achieving better spectral efficiency
and an optimal resource-allocation solution that uses a convex optimization technique to maximize
utility are introduced. The algorithm can allocate the optimal resource and find the best user

grouping to maximize utility. The simulation results show that the multicasting can take advantage
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of sharing the resource among many users requesting the same VVR-video. Saliency information is
used for our simulation, but the proposed algorithm is not limited to saliency information. The
users’ viewport information or object detection results can also be used to provide the same

formulation and solution.

5.2. Future works

In this dissertation, the cross-layer optimization of wireless video multicast systems is presented.
The proposed video multicast systems are based on DASH, which is designed for video down
streams. We can deliver SVC, DASH, and VR videos efficiently over the wireless channel using
the proposed systems and algorithms. However, most recent and future multimedia systems, such

as Augmented Reality systems, require faster user interactions than DASH or VR video systems.

The future work is extending the proposed method for the point cloud data streaming. The
point cloud data can provide users real 3D experience by mixing the volumetric media on the users’
view. User can see the objects through Hololens [60], head mounted display (HMD), or
conventional 2D displays. However, it is more challenging task to deliver the point cloud data over
the network, because it requires more bandwidth than VR or other multimedia data streaming.
Moreover, predicting users’ viewport is more important in AR applications. In case of VR video
streaming, we have applied the saliency detection algorithm to predict users’ viewport, but the
saliency detection is not helpful for AR applications, because users’ viewport can be changed by
both the users’ movements and the real world environments that the point cloud data is mixed with.
Therefore, the server should receive the users’ feedback information and react immediately to
provide the high quality multimedia services over the internet. We can consider two methods to
solve this problem, which are the 3D tiling of the point could data [61] and the client buffer

management [62] for fast interactions.

By grouping points together into independently coded tiles, it is possible to extend the basic
idea of tile-based streaming from spherical video to volumetric media. 3D tiling of the point clouds
can help to adaptively selecting the regional quality and reducing the required bandwidth.

However, unlike the tiles in VR video, the set of occupied tiles is sparse, changing, content-
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dependent, and possibly large. Furthermore, the set of visible tiles is not only content-dependent
but also viewpoint-dependent due to occlusions. Therefore, the selection of qualities of 3D tiles

based on users’ feedback information is the future research topic.

In addition to this, the client side buffer management algorithm is important to deal with
point cloud data with fast response. There are many buffer management algorithms introduced for
DASH systems. To provide good quality of video using variable network, most of the algorithms
fetch several seconds of future frames [63][64][65]. However, AR applications need sub-seconds
latency to provide the services. Therefore, we can apply a new buffer management algorithm that
both receives future frames to prevent buffer depletion and updates existing frames with better

quality to improve the quality of 3D tiles.
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