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ABSTRACT

With the increasing demand of video applications in wireless networks, how to
better support video transmission over wireless networks has drawn much attention
to the research community. Time-varying and error-prone nature of wireless channel
makes video transmission in wireless networks a challenging task to provide the users
with satisfactory watching experience. For different video applications, we choose
different video coding techniques accordingly. E.g., for Internet video streaming, we
choose standardized H.264 video codec; for video transmission in sensor networks or
multicast, we choose simple and energy-conserving video coding technique based on
compressive sensing. Thus, the challenges for different video transmission applications
are different. Therefore, This dissertation tackles video transmission problem in three
different applications.

First, for dynamic adaptive streaming over HTTP (DASH), we investigate the
streaming strategy. Specifically, we focus on the rate adaptation algorithm for stream-
ing scalable video (H.264/SVC) in wireless networks. We model the rate adaptation
problem as a Markov Decision Process (MDP), aiming to find an optimal streaming
strategy in terms of user-perceived quality of experience (QoE) such as playback in-
terruption, average playback quality and playback smoothness. We then obtain the

optimal MDP solution using dynamic programming. However, the optimal solution
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requires the knowledge of the available bandwidth statistics and has a large num-
ber of states, which makes it difficult to obtain the optimal solution in real time.
Therefore, we further propose an online algorithm which integrates the learning and
planning process. The proposed online algorithm collects bandwidth statistics and
makes streaming decisions in real time. A reward parameter has been defined in our
proposed streaming strategy, which can be adjusted to make a good trade-off between
the average playback quality and playback smoothness.We also use a simple testbed
to validate our proposed algorithm.

Second, for video transmission in wireless sensor networks, we consider a wireless
sensor node monitoring the environment and it is equipped with a compressive-sensing
based, single-pixel image camera and other sensors such as temperature and humidity
sensors. The wireless node needs to send the data out in a timely and energy effi-
cient way. This transmission control problem is challenging in that we need to jointly
consider perceived video quality, quality variation, power consumption and transmis-
sion delay requirements, and the wireless channel uncertainty. We address the above
issues by first building a rate-distortion model for compressive sensing video. Then
we formulate the deterministic and stochastic optimization problems and design the
transmission control algorithm which jointly performs rate control, scheduling and
power control.

Third, we propose a low-complex, scalable video coding architecture based on com-
pressive sensing (SVCCS) for wireless unicast and multicast transmissions. SVCCS
achieves good scalability, error resilience and coding efficiency. SVCCS encoded bit-
stream is divided into base and enhancement layers. The layered structure provides
quality and temporal scalability. While in the enhancement layer, the CS measure-
ments provide fine granular quality scalability. We also investigate the rate allocation
problem for multicasting SVCCS encoded bitstream to a group of receivers with het-
erogeneous channel conditions. Specifically, we study how to allocate rate between
the base and enhancement layer to improve the overall perceived video quality for all

the receivers.
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Chapter 1

Introduction

1.1 Background

During the past two decades, with the advancement of video compression and wireless
communication technology, video applications, e.g., Internet video, video conference
and surveillance are becoming prevalent. Recent statistics show that video appli-
cations account for the highest percentage of the traffic mix in the Internet. Cisco
forecasts that the sum of all forms of video, including TV, video on demand, Internet
video, and peer-to-peer (P2P) video, etc., will exceed 90% of the global consumer
traffic by 2015, while mobile video will account for more than 50% of the total mobile
traffic [12]. Video transmission over wireless network presents many challenges. For
example, to ensure Quality of Experience (QoE) of the users, efficient rate adaptive
transmission is required to fully utilize the bandwidth while avoiding video playback
interruptions to deal with the bandwidth fluctuations of the wireless cannel; error
resillient video bitstream is desirable to deal with error-prone nature of the wireless
channel.

For different video applications, we choose different video coding techniques ac-
cordingly. E.g., for Internet video streaming, we choose standardized H.264 video
codec; for video transmission in sensor networks or multicast, we choose simple and
energy-conserving video coding technique based on compressive sensing. Thus, the
challenges for different video transmission applications are different.

For video streaming in wireless Internet, the increasingly popular video websites
such as YouTube and Vimeo will be the major providers of mobile videos. Progressive

download is currently the dominant video delivery techniques of these video websites.



It has several advantages over the traditional streaming techniques using RTP/UDP.
First, it is simple to deploy. At the server side, any web server can host videos and
serve as a streaming server; at the client side, the user only needs a flash player or web
browser supporting HTML5 for video playback. Second, the HTTP/TCP protocols
used in progressive download are more firewall and network address translation (NAT)
friendly, and the congestion control mechanism in TCP simplifies the design of the
application layer. Third, for progressive download, a server can store several versions
of a video to meet the requirements of heterogeneous users, so a user can select the
right version of the video according to the device decoding capability, display size and
available network bandwidth.

However, selecting the appropriate version of a video to match the available band-
width may not be easy for users and their decisions might be error-prone. In addition,
with progressive download, the client always downloads as much video data as pos-
sible. [32] reports that only half of the videos are fully downloaded and this number
drops dramatically when the users are not satisfied with the video quality. It is likely
that when a user turns off the video player or switches to another video, a large
amount of un-watched video has been buffered unnecessarily, which wastes the re-
sources of both the network and the end-systems. It is particularly undesirable for
mobile devices with limited energy supply.

Dynamic adaptive streaming over HTTP (DASH) [41] is a promising technique to
overcome the aforementioned disadvantages of progressive download. Videos encoded
in different versions are chopped into small segments. After the client receives one
segment, it has a chance to decide which version of the video to request for the
next segment, based on the current network condition. Thus, rate adaptation can be
performed at the client side naturally and flexibly. Also, the client has a chance to
control the client-side queue length to avoid streaming buffer overflow, e.g., when the
download rate is much higher than the playback rate.

Currently, commercial adaptive streaming products such as Microsoft Smooth
Streaming and Apple Live Streaming support single-layer H.264 advanced video cod-
ing (AVC) encoded videos. Multiple versions of a video with different resolution,
frame rate and quality are obtained by encoding the source video multiple times with
different configurations, and the different versions of the video are completely inde-
pendent to each other. Thus, not only more server storage space is needed, but also
the web caching hit-ratio is reduced.

Recently, scalable video coding (H.264/SVC) has been introduced to the DASH



framework to improve the system performance [37]. With SVC, a video is encoded
once only, and it can be decoded many times with different resolution, frame rate and
quality. However, how to improve the rate adaptation algorithm to provide users with
a satisfactory quality of experience (QoE) is still a challenging and open question. The
problem is even more challenging when a user uses a handheld device via a wireless
access link for video streaming, as the handheld devices typically have limited energy
supply and computation capacity, and the wireless links are highly dynamic due to
the time-varying fading, shadowing, interference and hand-off, all of which motivate
this work.

On the other hand, for video transmission in wireless networks, compressive sens-
ing (CS) has been an active research area in signal processing and communication
societies recently. Unlike traditional transform domain compression method which
acquires the complete image signal then compress the signal by removing the redun-
dancy, CS unifies these two operations by making random linear projection of the
source signals. We have seen the first application of CS in image acquisition single-
pixel image camera [17]. Thanks to its simplicity and less power requirement, it has
a good potential to be widely deployed in wireless sensor nodes. In addition, the
acquired measurements have special property referred as “democracy”, i.e., the mea-
surements are equally important and the more measurements generated, the better
quality of the recovered image signal. This characteristic is promising to make the im-
age and video bitstream more error resilient and scalable. Therefore, we study how to
take the advantage of the salient feature of compressive sensing in video transmission
in wireless network.

In order to reduce the error and erasure of wireless channels, error correction
coding such as Reed-Solomon (RS) code and convolutional code has been widely
used. However, this type of channel coding is not flexible. It can correct the bit
errors only if the error rate is smaller than a given threshold. Therefore, it is hard
to find a single channel code suitable for unknown or varying wireless channels. For
unicast applications, retransmission in the link layer or the transport layer can help
recover the errors at the cost of delay. When we utilize the broadcast nature of
wireless medium to multicast video, due to the independence of different receivers’
channels, the data needed to retransmit are different for different receivers, which
makes retransmission difficult and expensive.

Can we find a flexible channel coding for wireless unicast and multicast? That is,

for a wide range of channel error rate, the effectiveness of channel coding degrades



gracefully when the channel condition becomes worse. In addition, for multicast ap-
plications, without the feedback from individual receivers, the sender can transmit
more data that are helpful to all the receivers. These requirements are indeed diffi-
cult and challenging for traditional channel coding design. Fortunately, compressive
sensing technologies can help to achieve the above goals.

If we only rely on compressive sensing as an image compression method, there
is a huge gap in terms of coding efficiency between compressive sensing and con-
ventional coding methods [19]. Although compressive sensing has the advantage of
being a joint source and channel coding, its coding efficiency needs to be improved,
since minimizing bandwidth consumption is one of the most important goals in codec
design, particularly for wireless transmissions.

This dissertation focuses on 1) efficient DASH rate adaptation algorithm; 2) trans-
mission control algorithm for CS video in wireless sensor networks; 3) scalable video

codec design and transmission algorithm for wireless videocast.

1.2 Problem Statement

This dissertation includes three thrusts, motivated by the following three important

issues.

e Dynamic Rate Adaptation for Adaptive Video Streaming in Wireless
Networks

In a DASH system, compressed video is stored at the web server with different
quality, resolution and bitrate. For each version, the video is splitted into small
segments. The client-side rate adaptation algorithm at the video player can
request appropriate video version to adapt the bitrate of the video to the avail-
able bandwidth. The rate adaptation algorithm can adjust the requested video
version based on the varying available bandwidth to fully utilize the network
bandwidth and avoid possible playback interruption. However, frequent quality
switching may lead to inferior user watching experience. Therefore the rate

adaptation algorithm has an important impact on user watching experience.

Recently, Scalable Video Coding (SVC) has been considered in a DASH system.
It is promising to improve the DASH system performance and user QoE. With
SVC, the source video can be compressed once with different quality, resolution

and frame rate. It also provides the rate adaptation algorithm the capability to



“upgrade” the already received video to better quality, which can improve user
QoE. How to design an efficient rate adaptation algorithm for streaming SVC

over HTTP is still an open issue.

Transmission Control for Compressive Sensing Video over Wireless
Channel

As mentioned in the previous section, the compressive sensing video coding
technology has a good potential to be deployed in wireless sensor nodes. In this
dissertation, we consider a wireless sensor node monitoring the environment
and it is equipped with a single-pixel camera and some other sensors such as
temperature and humidity sensors. The sensor node needs to send the data out
in a timely and energy efficient way. This is not a trivial problem which involves
the following issues and requirements. 1) The first issue is rate allocation. The
single-pixel image camera can capture the image and obtain a fixed number of
measurements for each video frame. We need to determine the number of mea-
surements transmitted for each image while considering the transmission power
consumption, the wireless channel condition and the recovered image quality.
To achieve a better perceived video quality, we need to avoid large image quality
fluctuations. 2) The second issue is scheduling. The CS acquired measurements
are scalable and the traffic is elastic, while the packets from the other sensors
may be non-elastic. Due to the heterogeneity, it is necessary to differentiate
these two types of traffic. Therefore, we need to optimize the scheduling of
packet transmissions from different traffic flows on each time slot. 3) The third
issue is power allocation. In general, we can minimize the transmission power
by sending less measurements. However, we need to take both the wireless
channel conditions and the recovered image quality into consideration. 4) The
last issue is the delay constraint. In order to deliver the packets within a rea-
sonable delay, we need to keep the transmission queues stable. How to design
an efficient transmission control algorithm which addresses the above issues is

a challenging problem.
Scalable Video Coding with Compressive Sensing for Wireless Video-
cast

CS has been used as a joint source and channel coding for video transmission

over wireless channel. Due to the “democracy” property of the measurements,



it has a good potential to outperform the traditional error correction coding
such as Reed-Solomon (RS) code and convolutional code. Because this type of
channel coding is not flexible. It can correct the bit errors only if the error rate

is smaller than a given threshold.

If we only treat compressive sensing as an image compression method, there is a
huge gap in terms of coding efficiency between compressive sensing and conven-
tional coding methods [19]. Although compressive sensing has the advantage of
being a joint source and channel coding, its coding efficiency needs to be im-
proved, since minimizing bandwidth consumption is one of the most important
goals in codec design, particularly for wireless transmissions. How to design a
low-complex, scalable video coding architecture based on compressive sensing
and efficient transmission algorithm is still an open and challenging research

issue.

1.3 Contributions

This dissertation makes following three contributions.

e Dynamic Rate Adaptation for Adaptive Video Streaming in Wireless
Networks

In this dissertation, we investigate the streaming strategy for dynamic adaptive
streaming over HTTP (DASH). Specifically, we focus on the rate adaptation
algorithm for streaming scalable video (H.264/SVC) in wireless networks. We
model the rate adaptation problem as a Markov Decision Process (MDP), aim-
ing to find an optimal streaming strategy in terms of user-perceived quality
of experience (QoE) such as playback interruption, average playback quality
and playback smoothness. We then obtain the optimal MDP solution using
dynamic programming. However, the optimal solution requires the knowledge
of the available bandwidth statistics and has a large number of states, which
makes it difficult to obtain the optimal solution in real time. Therefore, we
further propose an online algorithm which integrates the learning and planning
process. The proposed online algorithm collects bandwidth statistics and makes
streaming decisions in real time. A reward parameter has been defined in our
proposed streaming strategy, which can be adjusted to make a good trade-off

between the average playback quality and playback smoothness. We also use a



simple testbed to validate our proposed algorithm. Experimental results show
the feasibility of the proposed algorithm and its advantage over the existing

work.

Transmission Control for Compressive Sensing Video over Wireless
Channel

This dissertation considers a wireless sensor node monitoring the environment
and it is equipped with a compressive-sensing based, single-pixel image camera
and other sensors such as temperature and humidity sensors. The wireless
node needs to send the data out in a timely and energy efficient way. This
transmission control problem is challenging in that we need to jointly consider
perceived video quality, quality variation, power consumption and transmission
delay requirements, and the wireless channel uncertainty. The above issues are
addressed by first building a rate-distortion model for compressive sensing video.
Then we formulate the deterministic and stochastic optimization problems and
design the transmission control algorithm which jointly performs rate allocation,
scheduling and power allocation. Extensive simulations have been conducted to

demonstrate the effectiveness of the proposed transmission control algorithm.

Scalable Video Coding with Compressive Sensing for Wireless Video-

cast

In this dissertation, we propose a low-complex, scalable video coding archi-
tecture with compressive sensing (SVCCS) for wireless unicast and multicast
transmissions. SVCCS achieves good scalability, error resilience and coding ef-
ficiency. SVCCS encoded bitstream is divided into the base and enhancement
layers. The layered structure provides quality and temporal scalability. In the
enhancement layer, the CS measurements provide fine granular quality scalabil-
ity. The state-of-the-art technologies including analysis-based ¢; optimization
are incorporated to improve the compressive sensing coding efficiency. In addi-
tion, we investigate the rate allocation problem for multicasting SVCCS encoded
bitstream to a group of receivers with heterogeneous channel conditions. Specif-
ically, we study how to allocate rate between the base and enhancement layer
to improve the overall perceived video quality for all the receivers while satis-
fying the real-time video transmission delay requirement. We first build a rate

distortion model to capture the rate distortion charactersitics of the SVCCS



encoded bitstream. Then we propose a rate allocation algorithm using this
model. Simulation results show that SVCCS is more effective and efficient for
wireless videocast than the existing solutions. We also demonstrate the accu-
racy of the proposed rate distortion model and the effectiveness the proposed

rate allocation algorithm.

1.4 Dissertation Organization

The rest of the dissertation is organized as follows.

Chapter 2 presents the the rate adaptation algorithm for streaming SVC in a
DASH system. First we describe the motivation of the work, followed by a review of
the related work and background. Then we formulate the rate adaptation problem
as an MDP problem. Based on this framework, we propose offline and online rate
adaptation algorithms. To evaluate the proposed algorithm, we conduct simulation
and experiment to verify these algorithms.

Chapter 3 presents the transmission control problem for CS video over wireless
channel. First, we give a brief description of the background of CS. Then we build a
rate-distortion model for CS video. Based on this model, we formulate the determin-
istic and stochastic optimization problems and solve them respectively. Finally, we
conduct extensive simulations to evaluate the effectiveness of the proposed algorithms.

Chapter 4 presents the low-complex scalable video coding architecture design
and transmission algorithm for wireless video multicast. First we describe the cod-
ing/decoding architecture design. Then we formulate and solve the rate allocation
algorithm. Finally, simulations are conducted to verify the proposed coding architec-
ture and rate allocation algorithms.

Chapter 5 concludes the dissertation and suggest the future research directions.

1.5 Bibliographic Notes

Most of the work in this dissertation have appeared in research papers. The work
in Chapter 2 has been published in [51, 50]. The work in Chapter 3 has appeared
in [49]. The work in Chapter 4 is based on research paper [48].



Chapter 2

Dynamic Rate Adaptation for
Adaptive Video Streaming in

Wireless Networks

In this chapter, we design the rate adaptation algorithm for streaming scalable video
over HTTP in wireless networks. The main contributions of this chapter are three-
fold. First, we formulate the rate adaptation problem as a finite MDP, aiming to
find an optimal streaming strategy in terms of user-perceived QoE such as playback
interruption, average playback quality and playback smoothness. We obtain the op-
timal streaming strategy by dynamic programming under the reinforcement learning
framework [44]. A reward parameter is defined in our proposed strategy, which can
be adjusted to make a trade-off between average playback quality and smoothness.
Second, since the optimal solution requires the knowledge of available bandwidth
statistics and has a high computational complexity, which makes it difficult to obtain
the optimal solution in real time. We propose an online algorithm which integrates
the learning and planning process, i.e., the proposed algorithm collects bandwidth
statistics and makes streaming decisions in real time. Third, we have prototyped a
scalable video streaming framework including the server-side video pre-processing and
client-side SVC video player. A real sample video encoded in SVC is used to evaluate
the proposed streaming strategies and compare them with the existing work using
both wireless testbed experiments and simulations. The experimental and simulation
results show the advantage of the proposed algorithms.

The rest of the chapter is organized as follows. Section 2.1 summarizes the related
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work. Section 2.2 formulates the optimal streaming problem as an MDP. Section 2.3
presents the proposed optimal streaming policy and the online algorithm. The eval-
uation framework, testbed configurations and experimental results are described and
given in Section 2.4, followed by concluding remarks and further research issues in
Section 2.5.

2.1 Background and Related Work

Different from the application-layer multicasting [21], in a DASH system, rate adapta-
tion is conducted at the client side, which is also called pull-based rate adaptation [5].
At the server side, a source video is encoded into different versions with different res-
olution, frame rate and quality. For each version, the video is divided into small
segments. A web server can host these segments and send them to the clients upon
HTTP requests. At the client side, after a user clicks the play button, the streaming
starts. The video player first obtains the general information of the video, such as
the number of versions and the corresponding resolution, frame rate and quality of
each version. Then, the video player will decide the right version according to its own
display size, decoding capability and network condition. Usually, the playback does
not start until a sufficient number of segments are received. After the client receives
a segment completely, the rate adaptation algorithm will decide which version to re-
quest for the next segment based on the current network condition and the client-side
state such as the number of buffered segments. In this way, the workload of the server
is reduced dramatically. Figure 2.1 shows the general workflow of the video player.

There are extensive research efforts on adaptive video streaming over HTTP [41,
24,220, 27, 13, 26, 23]. [41] introduced the 3GPP specification of dynamic adaptive
streaming over HT'TP, which describes the framework of the adaptive streaming sys-
tem. In [2], the commercial adaptive streaming products including Microsoft Smooth
Streaming, Netflix player and open source media framework (OSMF) player were
evaluated and compared. The results show that the performance of these products
still needs to be improved substantially.

Liu et al. proposed a rate adaptation algorithm for adaptive video streaming [24].
The decision of switching to a video version of a higher or lower bit-rate is made
based on the measured segment fetch time, which can be converted to the average
segment throughput and buffer state. The algorithm is evaluated using constant

bit-rate (CBR), single-layer video traffic only, and the queue length may sometimes
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exceed the maximum buffer size. In [14], a quality-adaptation controller based on the
feedback control theory was proposed. The controller tries to maintain the buffer level
as stable as possible to match the video bit-rate with the available bandwidth. As the
server needs to maintain the information for each user to perform rate adaptation,
the complexity of the server is increased.

Recently, SVC has been introduced to adaptive video streaming. With SVC, we
can encode video once and decode the bitstream multiple times with different reso-
lution, frame rate and video quality [7, 55], so the server storage space and encoding
time can be saved. In addition, thanks to the layered structure of SVC, we may even
upgrade an already received segment to a higher quality [38]. [37] showed the advan-
tage of using SVC in adaptive HTTP streaming over the single-layer AVC in terms of
caching efficiency. In [38], the authors proposed a priority-based media delivery strat-
egy using SVC with RTP and HTTP streaming. In the pre-buffering phase, the most
important base layer is transmitted first, so there are more base-layer frames than
enhancement-layer frames in the buffer. This scheme was designed assuming that
the temporary bandwidth reduction is the only possible bandwidth variation, and
the bandwidth will restore to a normal level after the temporary reduction. Thus, it
cannot fully handle the random variation of the available bandwidth at the wired or
wireless bottleneck.

Different from the existing approaches, in this chapter, we focus on the rate adap-
tation algorithm for streaming SVC video in wireless networks, considering the ran-
dom and less predictable variation of the available bandwidth. We also consider the

more general case where the layered video is encoded in variable bit-rate (VBR).

2.2 Problem Formulation

Considering the limited computation capacity of handheld devices and the high vari-
ation of wireless access links, we formulate the optimal video rate adaptation problem
as a finite Markov Decision Process, which can deal with the random network condi-
tion with a relatively simple approach. For each video segment, the client uses MDP
to make a decision on which action to conduct given the current client state. There
are four components for MDP, i.e., action, state, transition probability and reward.
In the following, we define them one by one. The symbols used in this section are
listed in Table 2.1.

As shown in Fig. 2.1, after a segment is obtained completely, the rate adaptation



Table 2.1: Symbol list

Symbol | Description
T, constant playback time of a segment
Ny number of frames per segment
Br target buffer size in terms of the number of segments
F target buffer size in terms of the number of frames
Ny total number of segments
f video playback frame rate
ag action made at time step t
A; request the next segment with i layer higher (for i > 0) or lower
(for i < 0) than the current one
A, “upgrade” the last received segment to a higher version
A, wait for a time duration of T,
Qs queue length in terms of the number of buffered frames at time step
t
Ag; queue length variation after a new segment has been retrieved at
time step ¢
Uy version index of the last received segment at time step ¢
Ay difference of video versions requested in consecutive steps.
bw, available bandwidth at step ¢
dy number of received segments at time step ¢
Sy system state at time step ¢
my size of version v of segment d
R(s) | reward function mapping a state to a reward
« weight parameter which makes a trade-off between the average play-

back quality and playback smoothness.

13
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algorithm has a chance to decide the video version of the next segment to request and
whether the client should be idle for a while to avoid buffer overflow. We define the
sequential actions as {a;},t = 0,1,---. a; is the decision made at step ¢, where the
step duration equals the time to retrieve one segment. Note that the step duration is
not a constant, since the segment download time varies according to the segment size
and the available bandwidth. L is the number of versions. The action set for a given
state is A(s) = {4;, Au, Ay}, where A; (i = —L+1,---,L— 1) means to request the
next segment with i layer higher (for i > 0) or lower (for ¢ < 0) than the current one,
A, means to “upgrade” the last received segment to a higher version, and A,, means
to wait for a time duration of Ty which is the constant playback time of a segment.

We define a state at step ¢ as s, = (qi, Aqy, ve, Avy, bwy, d;). Here, ¢; is the queue
length in terms of the number of buffered frames. Obviously, ¢; is in the range of
(0, F), where F' = Bp x Ny, Br is the target buffer size in terms of the number
of segments, and N, is the number of frames per segment. Ag; is the queue length
variation after a new segment has been retrieved, i.e., Aq; = ¢; — q;—1, which indicates
whether the requested video’s bit-rate matches the available bandwidth. Ag; is in the
range of [—F, N,|. v, is the version index of the last received segment. Aw; indicates
the difference of video versions requested in consecutive steps. bw; is the available
bandwidth at step t. d; is the number of received segments, which is in the range of
[0, Nr], where N is the total number of segments the client needs to request.

From the definition of the states, we can observe that the Markov property exists,

since all of these states depend on their immediately previous state only, i.e.,

Pr{3t+1|3t> Qgy St—1,At—1, """ 4, S0, ao} = PT{3t+1|5t> at}~

To obtain the state transition probability, the most challenging issue is to obtain
the model for bw;. For wireless streaming scenarios, the bottleneck is often in the
wireless access link, and the finite-state Markov chain has been widely used to model
the variation of wireless channels [47, 53]. Thus, we use a discrete-time finite-state
Markov model to capture the variation of the bandwidth, and the state transition
probabilities can be obtained from the measurement or derived from the wireless
channel model [47]. Given the time duration for downloading the current segment,
we can estimate the probability distribution of the bandwidth for the next segment
using the state transition probability matrix of the Markov model.

For the problem of our interest, we can derive the state transition probability for
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the MDP by
'PG,

e =Pr{si1 = ¢|sy = s,a; = a}. (2.1)

The state at step ¢ is s = (¢, Agq, v, Av,bw,d). If action a; = A; is selected, with
probability P¢, = Pr{bw'|bw}, the new state will be 5" = (¢/, A¢', v, Av', bw’, d'), i.e.,

vV =v41i, AV =1,
¢ = q— [y x £)/bu’ | + N, (2:2)

Ad=q¢—q d=d+1,

where m;’l;l is the size of version v of segment d + 1 and f is the playback frame
rate (since we are dealing with the stored video streaming, the client can have the
knowledge of the size of every segment). The second line in (2.2) means that the
queue length of the next time slot is equal to the current queue length minus the
number of frames consumed when downloading a new segment and plus the number

of frames contained in the new segment. If a; = A,,, the new state is

V=v+1, AV =Av+1,
¢ =q— |l(my =) x f)/bw] (2.3)
A¢d=q—q, d=d

Similarly, we can derive other state transition probabilities.
The reward in MDP is the payoff obtained when a particular action is taken at a
state,
rir1 = R(sy = ), (2.4)

where R maps the state to a reward. Table 2.2 lists the rewards defined for different
states. * can be any value for the state, '™ represents that the number of buffered
frames is larger than By x N,. The reward of a state can be looked up in the table
from the top to the bottom, using the reward of the first entry in the table matching
the current state. The values of rewards need to be carefully designed, since it is
closely related to the control objective. The stored video has a finite length, and
when the state reaches d = Np, i.e., all the segments have been downloaded, the
streaming task completes, which is called an episodic task. Therefore, we give state

(*, %, %, %, %, Np) a reward of 0. Besides, any action taken in this state will not change
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Table 2.2: Rewards Associated with States

‘ Sy =8 ‘ R(s)
(%, *, %, %, %, Np) 0
(0, %, *, *, %, ) —F + Aq
(FF) %, %, %, %, %) —F — Aq
(*, Ag, *, Av, *, ¥) | min(—a|Av[, —|Aq]|)

the state, i.e., the terminal state will not affect the decision process. By giving the
minimum reward when the buffer is empty, we can minimize playback interruption;
by giving a negative reward to the state when the number of buffered frames is larger
than the desired value, we can avoid buffer overflow. When both Aq and Av are 0,
the maximum reward (0) is given, since in these states, the playback will be smooth
and the selected video version matches the available bandwidth well.

In addition, we can associate a weight parameter o with the reward to make a
trade-off between the average playback quality and playback smoothness. When «
is smaller, the video streaming can be more adaptive to the available bandwidth to
achieve a higher average playback quality; when « is larger, a higher priority is given
to the playback smoothness. Note that the reward is independent of the bandwidth,

since we are unable to control the varying bandwidth.

2.3 Algorithm Design

2.3.1 Optimal Solution

We formulate the rate adaptation problem as an optimization problem. The objective
is to find a strategy m(s) for the action taken at a state s to maximize the reward
received in the long run. Given a deterministic strategy, the state-value function is
thus

V7(s) =Y Piy [R(s) + V7 ()], (2.5)

where 7 is the discounting rate 0 < v < 1. Note that in our case, we can set v to
1, since we are dealing with an episodic streaming task. An optimal strategy 7*(s)

should maximize the state-value function in the long run, i.e.,

w(s) = argmax 3 Pl [R(s) +7V*(s")]. (2.6)
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where V*(s) is the optimal value function. Then, we can obtain the optimal streaming
strategy using a value iteration algorithm [44]. The solution is a table that maps each
state to an optimal action. Furthermore, to reduce the number of states for MDP
and the input size for value iteration, we divide the buffer size (in frames) into a
number of bins and index them as g, starting from 0 to | Br x Ny/BS|, where BS is
the number of frames in each bin. Then we use ¢, x BS to represent the number of

buffered frames for each bin.

2.3.2 Online Real-Time Algorithm

The optimal streaming algorithm can provide us important insights for dynamic rate
adaptation, but it has several limitations which make it less practical. First, the opti-
mal streaming algorithm requires the knowledge of the available bandwidth statistics,
i.e., the bandwidth state and transition probability between states. This information
is difficult to obtain or estimate accurately beforehand. Using finite state Markov
models for dedicated wireless channels is one way to obtain the channel statistics,
but the available bandwidth statistics for shared wireless access links or backbone
links should depend on not only the physical channel dynamics but also the less-
predictable competition from other users. Second, and more importantly, we rely on
the value iteration algorithm to solve (2.6), and the complexity of these algorithms
are proportional to the number of states. For the optimal video rate adaptation prob-
lem, the number of states can be so large that the computational complexity makes
it difficult, if not impossible, to be used in real time.

One category of online algorithms, such as Q-Learning and Saras [44], do not re-
quire the complete knowledge of the system dynamics but need to repeat the stream-
ing process many times, and take a long time to improve the policy. Thus, they are
not practical for our problem as well.

In the following, we propose an online algorithm integrating the learning and
planning process, which learns bandwidth statistics and makes decisions in real time
and the reasoning of the proposed algorithm still comes from reinforcement learning.
The rate adaptation algorithm is decomposed into two modules, bandwidth statistics
estimation and real-time search. After one segment is received, the bandwidth statis-
tics estimation module will update the average bandwidth and transition probability,
and then the real-time search module will determine the best action based on the

bandwidth statistics and the current state. We will describe these two modules in
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the following subsections.

2.3.2.1 Bandwidth Statistics Estimation

In order to obtain the bandwidth statistics, we divide the bandwidth into L+1 regions
(states) based on the average bitrate of video layers. 7; is the average bitrate of layer
i. The regions are [0,7], (71,72, (To, 73], -+, and (71, 00]. When the d-th segment
is received completely, we can calculate the effective throughput [; for downloading
this segment and determine which bandwidth region (state) it falls in. We define
a transition count matrix C' whose element c;; denotes the number of bandwidth

transitions from state ¢ to 5. We can calculate the transition probability as

Cij + k
e+ k(L +1)

Py = (2.7)
where k is the Laplacian smoothing parameter. Laplacian smoothing can avoid over-
fitting and naturally initialize the transition probability as equal. The average band-
width b; of state i is

7 Zd ](ld>i)

bi =T (2.8)
k=1 Cki
where I(ly,1) is defined as
: la, iflg€ (i1, 7],
I(lg,7) = 2.9
(e, 9) { 0, otherwise. (29)

In this way, as the number of received segments increases, the bandwidth statistics

will be more accurate.

2.3.2.2 Real-Time Search

The proposed real-time search algorithm is listed in Algorithm 1, where D is the

search depth threshold to define how many steps we look forward into the future.
m*(s) = argmax Q" (s, a), (2.10)

V*(s) = mng*(s,a), (2.11)
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Z ) +V*(s)]

+vZP“,V* (2.12)

The reasoning behind the real-time search algorithm is from (2.10)—(2.12). We can

Algorithm 1 Real-Time Search Algorithm
1: procedure OPTSTATEVALUE(s, k)
2 if k> D then

3 return R(s)

4: end if

ot max <— —oo
6
7
8
9

for all a € A(s) do
q < OPTACTIONVALUE(S, a, k)
if ¢ > max then

best < a
10: max < ¢
11: end if
12: end for
13: return (best, max)

14: end procedure

15: procedure OPTACTIONVALUE(s, a, k)
16: q <+ R(s)

17: for all s’ from s,a do

18: (best,v) <~ OPTSTATEVALUE(s', k + 1)
19: q < q+yPsgv

20: end for

21: return q

22: end procedure

see the recursive relationship between the optimal state-value function V*(s) and the
optimal action-value function Q*(s,a), where Q*(s, a) is the long-term return when
the state is s and action a is taken. (2.10) and (2.11) are equivalent since they both
indicate that action a which maxmizes Q*(s, a) is the optimal action for state s. While
n (2.12), Q*(s,a) is dependent on the expected optimal value function of the next
state s’. In the online algorithm, procedure OptStateValue corresponds to (2.11) and
procedure OptActionValue corresponds to (2.12). In line 13, the procedure OptStat-
eValue returns the best action for state s and the long-term return corresponding to
the search depth D. In line 17, the state s’ can be obtained from s and a based on
the transition models defined in (2.2) and (2.3).
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Figure 2.2: Search Tree

Essentially, the states can be viewed as the nodes of a tree and the possible
combinations of actions and bandwidth transitions are the edges of the tree as depicted
in Fig. 2.2. Each circle denotes a value state and each dot denotes an action-value
state. D is set to 3. The online algorithm is traversing the tree, and the time
complexity of the online algorithm is O(b”), where b is the number of branches of
the tree (the product of the number of actions and possible bandwidth transitions).
If the search depth is equal to the length of a video, then we can obtain an optimal
solution. But the computation is too high to obtain the result in real-time, so the
search depth is set to a small value in the proposed real-time search algorithm. Thus,
the algorithm gives a suboptimal solution. We use D to make a trade-off between the
optimality and computational complexity. In Section 2.4, we demonstrate that the
performance of the proposed RT algorithm is close to the optimal when D is 3, and

the computation cost is low enough for real-time decision making.

2.4 Performance Evaluation

In this section, we first define the objective QoE metrics in terms of playback inter-

ruption, average playback quality and playback smoothness. Then we describe the
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evaluation framework including the layered video storage structure, SVC video player
implementation details and the experiment settings. We evaluate the proposed online
algorithm and compare it with the optimal solution and the existing state-of-the-art

rate adaptation algorithm [24] by experiments and simulations.

2.4.1 QoE Metrics

1) Interruption Ratio: Every 1/f second (f is the video frame rate), the video player
displays one frame, which is defined as one display event. If there is no decoded
frame available to display, a playback interruption occurs. Let ng be the number
of occurrences that a frame to be displayed is not available. Denote by n; the total
number of display events, the interruption ratio (IR) is defined as IR = ny/n;. Among
the performance metrics, we give the IR the highest priority because interruptions
during playback are most unpleasant for users. It means that if the IR of an algorithm
is higher than the other, then this algorithm is inferior no matter how good the other
performance metrics are.

2) Average Playback Quality: We define a continuous playback of layer i video as
one run and its length in terms of the number of display events as n, for the r-th run.
There are totally N runs. The layer index 0 denotes that a playback interruption
occurs. The weighted sum of the layer index is used to measure the average playback
quality (APQ), which is defined as APQ = Zf};l(n,« X Z)/Zf«\;(”r) We also use
the PSNR metric to measure the average playback quality. The experimental results
show that the APQ has a positive correlation with PSNR.

3) Playback Smoothness [30]: Intuitively, a longer run length leads to a smoother
watching experience. The mean square root of run length is used to measure the
playback smoothness (PS), and we have PS = Zi\le(nr)Q/N. It also gives a more
fair evaluation when the length of one run is much larger than the others, compared

with the arithmetic average.

2.4.2 Evaluation Framework and Testbed Settings

In this section, we describe the layered video storage structure at the server side,

video player implementation details, experiment and testbed settings.
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2.4.2.1 Layered Video Storage Structure

At the server side, the video is segmented and encoded into multiple layers. To
minimize the server load, the server stores the SVC video in a layered segment struc-
ture. Fig. 2.3(a) shows the structure of the original bitstream generated by an SVC
encoder (supposing that each segment has two frames and there are three layers).
In the server, the Network Abstraction Layer (NAL) units of all the frames with the
same layer index are stored together as shown in Fig. 2.3(b). When the client receives
the layer segments, it can reorganize them into the original bitstreams for decoding
and playback.

This layered segment storage structure can better utilize the web caching infras-
tructure and the client can request any layer segment flexibly. Since the frames of
different layers are separately stored, the client uses HT'TP pipelining to request sev-
eral layer segments and construct the video. Other solutions including partial HTTP
requests or letting the web server extract the requested layer segments on-the-fly not
only add the complexity of the server, but also slow down the response time to the
client requests.

One concern of the proposed storage structure is that the client needs to wait until
all the layers in a frame are downloaded before playback. A solution to minimize
the latency is that the client can establish parallel TCP connections to request the

different layers simultaneously, which is left for future investigation.

2.4.2.2 Video Player Implementation

The client-side video player is implemented using an open-source SVC decoder [6].
As depicted in Fig. 2.4, the video player consists of three modules, rate adaptation,
decoder and display. The rate adaptation module determines the version of the next
video segment to request. The decoder fetches a segment from the segment buffer and
decodes the segment as fast as possible and stores the decoded picture in the picture
buffer. The decoder will not fetch a new segment until the number of pictures left to
be displayed is smaller than a threshold. In this way, the buffered segments have a
chance to be enhanced with higher-layer segments that may arrive later. The display
module simply fetches a picture from the buffer and displays it on the screen every
1/ f seconds. Meanwhile, the video player also collects the system state information

including the buffer state and the playback index.
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Table 2.3: Layer Configuration

Avg. .
Resolution | bit-rate std b.1t—.r ate Y-PSNR Layer
deviation index
(Kbps)
320x180 112.84 39.01 35.47 1
320x180 238.94 .84 39.44
640x360 363.82 140.33 35.90 3

2.4.2.3 Experiment and Testbed Settings

We use the open-source SVC codec JSVM [35] to encode the sample video (“Big Buck
Bunny” [1]) into three layers, and their configurations are listed in Table 2.3. The
encoding rate of layer n is the cumulative rate of all the layers up to n. Note that
the Y-PSNR of Layer 3 is lower than that of Layer 2, but we still prefer Layer 3
video which has a higher resolution, as it leads to a better watching experience when
displayed on a larger screen due to a higher dots per inch (DPI). Typically, PSNR
reflects the mean square errors between the original video signal and the received
signal; if we use the original videos with different layers, the layer-wise PSNR com-
parison becomes unfair as a received lower-layer video with a higher PSNR may have
a worse visual quality. To make the PSNR comparison meaningful with layered video,
we upscale the lower resolution 320x180 video to 640x360 video using the “bicubic”
interpolation method and then calculated the PSNR accordingly. The PSNRs for the
3 layers from low to high quality are 30.99, 32.62 and 35.90 dB, respectively. In this
way, the PSNR can reflect the visual quality of layered videos.

Each layer is chopped into small segments of 17 frames. The total number of seg-
ments, Ny, is 200, and the frame rate is 24 frames per second. From the experiments,
we find that the segment size of 17 frames is small enough to react to the varying
bandwidth, and large enough to keep the HT'TP overhead low. The target buffer size
is By = 20 segments. The playback starts when 4 segments are received.

Fig. 2.5 shows the testbed configuration. The testbed used Lighttpd as the
streaming web server. The server and the wireless router are connected via wired
links, and two laptops access the web server through the wireless router. The laptop
C1’s CPU is dual-core at 2.53 GHz with 2 GB memory, and for another laptop C2,
the CPU is dual-core at 2.26 GHz with 4 GB memory. OpenWRT is installed on the
wireless router, configured in the IEEE 802.11b mode and the downlink transmission

rate is set to 1 or 2 Mbps to emulate a dynamic wireless environment with different



web

wireless

router

Figure 2.5: Network Topology for the Experiments

26



27

Table 2.4: Experiment 1 results
| Algorithm [IR]APQ (PSNR)| PS [Max queue

RA |0 257 (34.73) [260.80 | 21.0
RT Ol‘):_lf 0] 2.24 (33.90) | 700.96 |  19.0
RT Ol‘):_lg 0] 2.63 (34.88) 258.996|  19.0
RT Ol‘):_lg 0] 2.72 (35.07) | 643.60 | 19.0
RT Ol‘):_lf 0] 2.45 (34.36) | 905.80 |  19.0
RT Ol‘):_l; 0] 2.63 (34.85) [1132.63|  19.0

FL(3) |0| 3(35.90) | 3400 21.0

congestion levels. In our experiment, we assume that the download time is much larger
than the round-trip latency, so the downloading time is proportional to the segment
size. Otherwise, we need to estimate the round-trip latency and the transmission

delay separately, which is left for future research.

2.4.3 Experiments and Simulations
2.4.3.1 Experiment 1 (no background traffic)

The transmission rate of the wireless router is set to 1 Mbps, and the effective goodput
is about 717.6 Kbps (measured by downloading a large file through HTTP). We
conducted the experiment for 10 runs and the presented performance results are the
average values.

In Table 2.4, we compare the proposed online realtime algorithm, RT, with the
rate adaptation algorithm, RA, proposed in [24] and the fixed layer algorithm, FL(3),
which always requests all three layers. Generally, when the search depth D is larger,
the performance of RT is better. But we cannot increase it too much. For C1, when
D =1 or 2, it takes less than 1 ms to make the decision for a new segment. When
D = 3, it takes about 10 ms, still much less than the duration of one frame. When
D = 4, it takes 240 ms to make one decision, which is approximately the playback
time of six frames. We believe that the decision time less than the playback time of
one frame is acceptable. Therefore, in the following experiments, D is set to 3 by
default. (For C2, we also set D to be 3, although its CPU cycle is slightly lower than
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Table 2.5: Experiment 2 results

| Algorithm | IR [APQ (PSNR)| PS [Max queue|
RA 0 | 1.19 (31.33) |179.98 20.7
RT a=10| 0 | 1.29 (31.50) |529.88 18.6
FL(1) 0 1 (30.99) 3400 20.9
FL(2) 0.27| 1.46 (32.62) | 34.11 5.2

C1).

For the proposed RT algorithm with D = 3, as we increase a to 12, when compared
with o = 10, we can see that APQ is reduced but PS is increased, which shows that
a can make a trade-off between APQ and PS.

Comparing RT (D=3) and RA, we note that RT can achieve both a higher APQ
and PS, while maintaining a lower queue length. Since the available bandwidth is
sufficient to support Layer 3 video, FL(3) outperforms the RT and RA algorithm.
However, the FL algorithm performance will degrade dramatically when there is any
competing traffic and the available bandwidth is more dynamic. We can see this in

the following experiments.

2.4.3.2 Experiment 2 (with background traffic)

In this experiment, the transmission rate of the wireless router is also set to 1 Mbps.
Laptop C1 runs the SVC Player, and another laptop C2 downloads a large file from
the web server. From Table 2.5, we can see that the available bandwidth is sufficient
to support Layer 1 video but cannot support Layer 2 video, since for FL(2) algorithm,
the IR is as high as 0.27. Because we give the IR the highest priority when comparing
rate adaptation algorithms, FL(2) is inferior compared to RA and RT, although its
APQ value is better than the others. Both RA and RT algorithm can achieve APQ
between 1 and 2, and RT is better than RA in terms of both APQ and PS.

2.4.3.3 Experiment 3 (competing video flows with on-off background traf-
fic)

In this experiment, the transmission rate of the wireless router is set to 2 Mbps.
Each laptop runs the SVC player and an on-off background traffic flow. The on-off
traffic flow downloads a file (1.3MB) from the server, and then sleeps for 10 seconds,

and this process repeats until the end of the experiment. Since the time needed to
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Table 2.6: Experiment 3 results

| C [Algorithm | IR [APQ (PSNR)| PS |Max queue
RA 0 | 1.46 (31.93) | 146.33 21
RT a=10| 0 | 1.56 (32.04) | 269.08 19
FL(1) | 0 | 1(30.99) | 3400 21.0
FL(2) |0.05| 1.89 (32.62) | 545.55 | 19.1
RA 0 | 1.56 (32.07) | 141.29 21
RT a=10| 0 | 1.59 (32.11) | 321.89 19
FL(1) | 0 | 1(30.99) | 3400 20.8
FL(2) [0.02] 1.95 (32.62) |[1040.64] 19.9

C1

C2

download the fixed-size file varies due to contention, there can be 0 to 2 background
flows during the experiment, which makes the available bandwidth more dynamic.
In order to evaluate the fairness of the rate adaptation algorithms, both laptops run
the same rate adaptation algorithm. In Table 2.6, we can see from the FL algorithm
that the video version can be supported is between Layer 1 and Layer 2. RT is better
than RA in terms of both APQ and PS, and the two videos on different laptops
have roughly the same QoE performance, which demonstrates that the proposed RT
algorithm together with TCP congestion control can allow the competing videos to
obtain a fair share of the bandwidth.

2.4.3.4 Simulation Results

We also evaluate the gap between the proposed online RT algorithm with the op-
timal streaming policy, OS, obtained by dynamic programming. Since the optimal
streaming policy cannot be generated in real time, we use the trace-driven simulation
to compare these algorithms.

The traces share the same bandwidth statistics with Experiment 1 and 2, denoted
as S1 and S2, respectively. The statistics of the average bandwidth for different
states and the transition probability are obtained off-line as the input of the dynamic
programming. Similar to the experiment, the results are the average over 10 runs.
Optimal solution’s queue length is in the unit of segments, while that of online algo-
rithm is the number of frames. Since the queue variation unit of OS and RA is in
different unit, the o of these two algorithms are set differently. From Table 2.7, both
RT and OS are better than RA, and there exists a small performance gap between RT
and OS, which indicates the trade-off between the performance and computational

complexity.



Table 2.7: Simulation Results

‘Simu‘ Algorithm‘ IR ‘APQ (PSNR)| PS ‘Max queue
RA 0 | 2.35 (34.17) 153.48 21
s1 RT a=10| 0 | 2.57 (34.66) | 517.98 19
OSa=2| 0 | 2.82 (35.24) 1434.99 19.4
FL3) | 0 | 3(35.90) | 3400 21.0
RA 0 | 1.34 (31.56) | 84.59 21
92 RT a=10| 0 | 1.78 (32.32) | 300.49 19
OSa=2| 0 | 1.80 (32.33) | 498.5 17.5
FL(1) | 0 | 1(30.99) | 3400 | 20.8
FL(2) [0.09] 1.82 (32.62) | 193.13 | 0.1

30



31

Figure 2.6: RA
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Fig. 2.6-2.8 show the playback trace of one run in simulation S2. We can see
from the figure that RA suffers from frequent layer switching. The proposed online
algorithm, RT, is more aggressive than the optimal OS algorithm. Although the APQ
of RT and OS in this run are both around 1.78, OS achieves a higher PS by never
requesting Layer 3 video, and the average queue length of OS is smaller.

Another issue is that the Markov model used for the varying bandwidth may not
be accurate. It is important to test how sensitive the performance of OS is to the
model accuracy. In the test, we used P, as the Markov model to drive the channel
emulator in the experiment, and used both P, and P; in the dynamic programming
to obtain the action decisions. The average bandwidth and steady state probabilities

of the wireless link under different profiles are listed in Table 2.8. The two matrices,
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Figure 2.9: A Zoom-in of Playback Trace of RT

Table 2.8: State Prob. and Available Bandwidth

| State | 1 | 2 | 3 4 ]
Bandwidth (Kbps) 50.32 | 180.63 | 260.38 | 550.75
Steady state prob (Fy) | 0.026 | 0.102 | 0.407 | 0.465
Steady state prob (FP,) | 0.103 | 0.256 | 0.385 | 0.256

P, and P, are, respectively,

0.5 0.05 0.05 0.4 025 0.7 0 0
0.2 025 0.2 0.35 03 04 03 0
02 01 02 05 |’ 0 02 06 0.2
0.1 01 01 0.7 0 0 0375 0.625

The results are shown in Table 2.9. OS(P;) means that the streaming strategy is
obtained using transition matrix P; for ¢ = 1,2. From the table, when the matrix
in the decision process does not match the real situation, the performance degrades
slightly, but still in a tolerable range. Also, comparing the results in Tables 2.9,
even with a mismatched model for the available bandwidth, the proposed OS still
substantially outperforms RA in terms of both APQ and PS.



Table 2.9: Model Sensitivity Test

‘ Env ‘ Br ‘ ALG ‘ IR ‘ APQ ‘ PS ‘ Max queue

920 0 | 1.92 | 183.79 20

1.88 | 246.54 204

30 1.88 | 229.58 29.9

)

(%)

P, OS(P)
()

IO O

1.87 | 268.32 30.1
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We further zoom in the playback trace for RT. In Fig. 2.9, the rectangle represents
a segment and the width of it denotes the download time duration (from the time in-
stant of sending out the HT'TP request to that of receiving the segment completely).
The horizontal gap between the edges of the rectangles is due to the waiting action to
avoid buffer overflow. Fig. 2.9 shows the advantage of the proposed video streaming
framework using SVC: the rectangles rise from a non-zero layer index (circled and
annotated by arrows) are the layer segments to “upgrade” the already buffered seg-
ments to improve both APQ and PS, which is not possible when using the traditional
AVC streaming techniques.

2.5 Summary

In this chapter, for DASH-based adaptive video streaming in wireless networks, we
have formulated the rate adaptation problem as an MDP and used dynamic program-
ming to obtain the optimal streaming policy. To reduce the complexity of the optimal
streaming policy, we have proposed an online algorithm which learns the bandwidth
statistics and determines the request decisions for the future. The trade-off between
the average video quality and playback smoothness can be made by adjusting the pa-
rameter in the reward function. Experimental results have shown that the proposed

solution is feasible and can substantially outperform the existing one.
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Chapter 3

Transmission Control for

Compressive Sensing Video over
Wireless Channel

In this chapter, we consider a wireless sensor node monitoring the environment and
it is equipped with a compressive-sensing based, single-pixel image camera and other
sensors such as temperature and humidity sensors. The wireless node needs to send
the data out in a timely and energy efficient way. This transmission control problem
is challenging in that we need to jointly consider perceived video quality, quality
variation, power consumption and transmission delay requirements, and the wireless
channel uncertainty.

Our main contributions in this chapter are three-fold. First, to perform rate
control, we propose a rate-distortion model to capture the relationship between the
number of measurements and the recovered signal distortion based on the CS the-
ory. We have shown the accuracy and effectiveness of the proposed model. Second,
we formulate a deterministic optimization algorithm as a benchmark, and a more
practical stochastic optimization problem for optimizing the rate control and power
control. In addition, we propose a supplementary stochastic optimization algorithm
which put different priority in conserving power and video quality requirements. For
the deterministic optimization problem, Lagrangian optimization and dynamic pro-
gramming are used to obtain the optimal solution. For the stochastic optimization
problem, the Lyapunov optimization technique is used to design a joint rate control,

power control and scheduling algorithm. Third, we conduct extensive simulation to



38

validate the proposed rate-distortion model and the control algorithms and show their
effectiveness.

The rest of the chapter is organized as follows. Section 3.1 gives a brief introduc-
tion of compressive sensing and the related work. Section 3.2 describes the system
model and the formulation of the optimization problems. Section 3.3 details the
derivation of the joint rate control, power control and scheduling algorithm. The
performance of the proposed rate-distortion model and control algorithm is studied

in section 3.4, followed by concluding remarks in section 3.5.

3.1 Background and Related Work

3.1.1 Background of Compressive Sensing

Compressive sensing or sampling[16][8] was proposed as a new acquisition framework
which can sample and compress sparse or compressible signals in a single operation.

Suppose that a signal x € R” can be transformed to a coefficient vector 6 with
some basis U, i.e., z = Wl. ¥ can be any representing basis such as DCT or wavelet.
If S elements of vector 6 is nonzero, then z is called S-sparse signal. If we sort the

magnitude of € in a descending order and it follows the following power-law
10],, < Rn~ Y7, (3.1)

where R and p are positive constants, the signal z is compressible. p determines how
fast the amplitude of the coefficients decays. Image signals are usually compressible.
When we use the largest S elements of 8, denoted as g, with all other elements set

to zero to approximate #, the approximation error follows
10— b5, < CRS™, (3.2)

where C' is a constant and r = 1/p — 1/2. If we increase S, according to (3.2), the
approximation error decays quickly.

The m measurements of compressive sensing, y, are obtained by multiplying signal
x with a measurement matrix ® € R™*" i.e., y = ®x. Using the reverse operation to
recover x is infeasible, since, given m < n, y = ®7 is an underdetermined system with

infinite number of solutions. However, [16] and [8] have shown that ¢; minimization
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can recover the original signal with high probability, which can be formulated as

min 1611,
_ (3.3)
subject to ||y — Af)||¢, <€,

where A = ®V¥ and ¢ is the noise energy in the measurements. The recovered signal
z = U*0, where U* is the adjoint of ¥, and @ is the solution to (3.3). For compressible

signal, [8] provided the following theorem to bound the recovery performance.

Theorem 1. If x obeys (3.1), with high probability
|z — Z|le, < CR(m/log n)™", (3.4)

where m is the number of measurements and r = 1/p — 1/2.

We can see the relationship between (3.4) and (3.2). When S = O(m/log n), the
right hand side of both equations are equivalent. It means ||z — &, = [|0 — 0]|s,-
Therefore, this theorem states that if there are O(S log n) measurements, the recovery

is as good as knowing = and selecting the largest S coefficients from 6.

3.1.2 Related Work

How to deliver traditional video over wireless networks have been heavily investi-
gated [52]. There are a few work investigating transmitting compressive sensing
measurements over wireless channels. [11] used compressive sensing as a joint source
and channel coding to protect sparse signals over erasure channels. The proposed
method compensates the lost measurements during transmission by sending more
measurements. This property is also referred as democracy of compressive sensed
measurements [22].

For compressive sensing image or video rate control algorithm, the channel er-
ror/erasure rate is not the only factor to consider. [34] proposed a system for joint
video compression, rate control and error correction over wireless sensor network using
compressive sensing. The proposed rate control algorithm considers network conges-
tion and received video quality. The rate control algorithm uses a rate-distortion
model from a conventional video compression method [42], which may not fully cap-
ture the rate-distortion characteristic of compressive sensing measurements. In ad-
dition, it did not consider transmission power control to maximize the lifetime of

wireless sensor nodes.
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a1(t) =m(t) x ¢q
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Figure 3.1: System Architecture

[29] proposed a joint compression and transmission power control algorithm for
packets processing in wireless nodes. Stochastic network optimization is used to
obtain the control decisions to minimize the power consumption while making the
transmission queues stable. However, how to consider rate control and the perceived
quality for compressive sensing video transmission is still an open issue, which moti-

vates this work.

3.2 System Model and Problem Formulation

3.2.1 System Model

Fig. 3.1 shows the internal structure of the sensor node. The symbols of the system
model are listed in Table 3.1. The single-pixel image camera acquires F' images
per second and generate Ap., compressive sensing measurements for each image.
Naturally, we divide the time into slots with a duration of 1/F seconds, so the camera
generates A., measurements per time slot. The rate control module decides how
many measurements m(t) should be put into @; to transmit. Each measurement is
represented by ¢ bits. Therefore, the arrival rate of @ is a;(t) = m(t) x ¢ and a4(t)
is in the range of (0, Apnax X q) at time slot . The queue backlog of () at time slot ¢
is 1(t). Denote d(t) as the distortion incurred when admitting m(¢) measurements
into the queue for each image. We assume that the number of bits per measurement
is fixed as ¢, so the number of measurements is the only way to adjust the video rate.
Other sensed (non-video) data will be put into another queue Q2. The queue backlog
at time slot ¢ is Q2(t) and its arrival rate is as(t) bits/slot.

We have two queues and need to select at most one queue per time slot for trans-



Table 3.1: Symbol list

Symbol | Description
f frame rate per second
Apnae | number of Measurements generated by image camera per image
1 The Queue storing CS measurements
Q2 The Queue storing other sensor data
Q1(t) | backlog of @, at time slot ¢
Q2(t) | backlog of Q9 at time slot ¢
m(t) | number of measurements admitted to ¢y at time slot ¢
q number of bits for each CS measurement
ay(t) | arrival rate of ()1 at time step t
d(t) | distortion incurred when admitting m(t) measurements into the
queue for each image
as(t) | arrival rate of ()5 at time step t
er(t) | indicating if @y is selected for transmission
bp(t) | service rate for queue k
p(t) power level for wireless transmission for time slot ¢
Pmaz | maximum power level for each time slot
B wireless channel bandwidth
n transceiver efficiency
d distance between the transmitter and the receiver
Qq path-loss exponent
h(t) | fading coefficient at time slot ¢

rate distortion model parameters

41
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mission. We denote the decision as e(t) = {e;(t),ea2(t)}, where ex(t) = 1 means
selecting queue k to transmit and otherwise ex(t) = 0. When both e;(t) and es(?)
are 0, nothing is transmitted, and we have e;(t) 4+ e2(t) < 1. Define bi(t) as the
service rate for queue k. It is a function of e(¢) and the power level p(t) , where
0 < p(t) < Pmax and ppay is the maximum transmission power. p(t) = 0 indicates
that e (t) + e2(t) = 0 and vice versa. The service rate according to channel capacity
is approximately
d—°G

b(t) = ?ek(t) log (1 + p(t) N.B |h(t)|2) (bits/slot), (3.5)

where B is the channel bandwidth (Hz), n is a communication system coefficient
representing the transceiver efficiency, d is the distance between the transmitter and
receiver, « is the path-loss exponent and h(t) is the fading coefficient at time slot t.
We assume that h(t) is known at the beginning of each slot. We need to determine

the power level p(t) for each time slot. The queue dynamics is
Qr(t +1) = max [Qr(t) — br(t), 0] + ax(t). (3.6)

3.2.2 Rate-Distortion Model

Before we formulate the optimization problem, we need to build a rate-distortion
model for compressive sensed video. According to (3.4), ¢;-minimization is as good
as recovering the largest S non-zero coefficients. We define the rate distortion model

as follows
D(m) = am”, (3.7)

where D(m) denotes the mean square distortion function, m is the number of measure-
ments, a and [ are the parameters of this model. Note that for notation simplicity,
m = a(t) and D(m) = d(t). To better approximate the rate-distortion relation, we

use following model with one more parameter,
D(m) = am® 4 . (3.8)

In practical, we can determine the parameters of the model online by decoding a few

sets of measurements and calculating the distortion, and then use these measurement-
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distortion data to fit the model and obtain the parameters that can be used for a

number of consecutive frames.

3.2.3 Deterministic Optimization Problem

We first formulate the optimal scheduling, power and rate control as a deterministic
optimization problem assuming the channel condition h(t) and arrival rate as(t) are
known. The knowledge about the channel and arrival rate are difficult to obtain
in reality. But it can serve as a benchmark and its performance can be used as an
upper bound for comparison purpose. The deterministic optimization problem can be
decomposed to a power allocation problem (P1) and a rate allocation problem (P2).
If we can transmit the maximum amount of data within time period 7', then we have
a chance to maximize the perceived video quality, since the distortion decreases as
the number of transmitted measurements increases. Therefore, we first formulate and
solve problem (P1), which finds an optimal power allocation scheme to maximize the
amount of data can be transmitted during 7. Then, we formulate and solve rate
allocation problem (P2) to minimize the weighted sum of distortion and distortion
variation subject to the maximum amount of data constraint. The details of these
two deterministic optimization problems are as follows.

The objective of the power allocation problem is to allocate total power budget
p x T among slots 0 to T'— 1 to maximize the total transmission rate, where p is
the maximum average power consumption and 7" is the number of total transmission

slots. The power allocation problem is formally defined as follows.

-1

(P1) maximize Zb(t), (3.9)
=0
T-1

subject to Zp(t) <Txp, (3.10)
t=0

0 < p(t) < Pmax, (3.11)

where b(t) is the aggregated transmission rate of the two queues. By solving the
above optimization problem, we can obtain the power allocation p(t) for every slot
and the maximum amount of data for T slots b* = ZtT:Bl b*(t).

The objective of the rate allocation problem is to decide the number of mea-

surements per slot, m(t), to minimize the weighted sum of distortion and distortion
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variation. The problem is formulated as follows.

T-1

(P2) minimize » d(t) + p(d(t) — d(t — 1)), (3.12)
subject to i(ag(t) +m(t) x q) < b7, (3.13)
0<m(t) < Amax, (3.14)

where p is the weighting parameter of distortion and distortion variation. The in-
equality (3.13) assures that all data arrived during 7" time slots can be transmitted.

Thus the queues are stable.

3.2.4 Stochastic Optimization Problem

We next formulate two more practical stochastic optimization problems. First, we
formulate the stochastic problem (P3) (power constraint) corresponding to the above
deterministic problem. We aim to minimize the time average expected weighted sum
of distortion and distortion variation, while keeping all the queues mean-rate stable,
and maintaining the time average expected power consumption to be lower than a

threshold. The optimization problem is formally defined as follows.

t—1

o 1
(P3) minimize tlggo sup ZO E {d(r) + p(d(r) — d(t — 1))*}, (3.15)
E
subject to tlim M =0 forall k,k=1,2, (3.16)
—00
=
EEOSUP;ZOE{??(T)} - p <0, (3.17)

ek@) = {07 1}7 ( )
el(t) + 62(15) S 1, (319)
0 <m(t) < Amax; (3.20)
0 < p(t) < Prmax, (3.21)

where p is the maximum average power consumption and g is the parameter to
set the weights of distortion and distortion variation. Note that h(t), as(t), p(t)

and d(t) are time dependent random variables. (3.16) requires that all queues are
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mean-rate stable. The time average expectation (3.15) and (3.17) can be viewed as
the objective function (3.12) and inequality (3.10) divided by 7" and take lim sup of
T to infinity, respectively. Since for deterministic optimization algorithm, b(¢) and
d(t) are functions of deterministic values of h(¢) and as(t) and the expectation of
a deterministic value is itself. In addition, these two optimization problems both
require that the queues should be stable. Thus, these two problems are equivalent.
Alternatively, if the requirement of the received video quality is more stringent, we

can define the second optimization problem (P4) (distortion constraint) as follows.

t—1

(P4) minimize tlgglo sup % TZ_O E{p(r)}, (3.22)
subject to tlgcr)lo w =0 forall k,k=1,2, (3.23)
= )
tlgglo sup ~ TZ_O E{d(m)} —d <0, (3.24)
= )
Jim sup Z; E{(d(r) —d(r —1))*} —d, <0, (3.25)
ex(t) = {0, 1}, (3.26)
e1(t) + ea(t) <1, (3.27)
0 <m(t) < Amax, (3.28)
0 < p(t) < Pmax; (3.29)

where d is the maximum expected video distortion and d, is the maximum expected
distortion variation. In this problem, we aim to minimize the power consumption
while keeping all the queues stable and satisfying the minimum video quality require-
ment. In the above two problems, we need to perform rate control which determines
m(t), scheduling which determines e (), and power control which determines p(t) for

each time slot.
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3.3 Transmission Control Algorithms

3.3.1 Deterministic Optimization Algorithm

For the deterministic optimization problem, we first solve the power allocation prob-
lem followed by the rate allocation. We can use the Lagrangian optimization technique

to rewrite the problem as

T—1 T—1
minimize » © =b(t) + A > p(t). (3.30)
t=0 t=0

By [18], we can minimize b(t) for each time slot independently with common A. The
algorithm is detailed in procedure PowerAllocation in Alogrithm 2. Basically, the
algorithm increases A from 0 until the total power reduces to the total power budget.
After each iteration, A is increased by a constant value a > 0. In line 6, p(t) is set
to the value which makes the gradient of —b(t) + Ap(t) to 0. When the algorithm
terminates, we can obtain optimal p*(¢) and b*(¢) which in turn can be used to obtain
the maximum transmission rate and solve the rate allocation problem. There are
other faster solutions for the power allocation problem, since the objective function is
concave and the feasible region is a convex set. Convex optimization technique [3] can
be applied to solve the problem, which is left for future exploration. Dynamic pro-
gramming has been used in rate allocation in conventional video coding [43]. We use
a dynamic programming algorithm to obtain the optimal solution. The total amount
of transmission rate is known, so the total amount of data left to the measurements
is M, = b* — ZtT;()l as(t). The algorithm is detailed in procedure RateAllocation in
Algorithm 2. The algorithm maintains a list of possible rate allocation nodes for each
time slot. Each node of time slot ¢ represents a rate allocation decision from time slot
0 to t. A node has a few attributes to describe the rate allocation decision: obj is the
accumulated weighted sum of distortion and distortion variation; r is the accumu-
lated sum of rates; d is the distortion of the current time slot. Lines 19-21 initialize
the nodes of time slot 0. Lines 23-37 iterate all the time slots from 1 to 7' — 1 and
maintains a node list for each time slot. Lines 28-34 keep the nodes with the smaller
objective value when two nodes has the same accumulated rate, and remove nodes
whose rates exceeding the target rate budget M,. When the algorithm terminates,
we can find an optimal path of length 7" which minimizes the objective function.

We designed a simple transmission strategy to make sure that the optimal trans-
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Algorithm 2 Deterministic Control Algorithm

1: procedure POWERALLOCATION(T, p)
2 TotalPowerBudget <— T" x p
3 A0

4 repeat

5: fort <+ 0,7 —1do

6 plt) ¢ itz ~ CRe
7 if p(t) > pimas then
8 p(t) < Pmaa

9: else if p(t) < 0 then
10: p(t) <0

11: end if

12: end for

13: TotalPower < S0 " p(t)
14: A= A+a

15: until TotalPower < TotalPowerBudget
16: end procedure

17: procedure RATEALLOCATION(M,, T')

18: t<0

19: for m + 1, A,,.. do

20: s.d < d(m), s.m < m, s.obj < d(m)

21: Add s to list(t)

22: end for

23: fort< 1,7 —1do

24: for all s € list(t — 1) do

25: for m + 1, A4z do

26: n.d < d(m), n.or < m x q+ s.r
27: n.obj < s.obj + d(m) + p(d(m) — n.d)?
28: if Jo € list(t) with o.r = n.r then
29: if 0.0bj > n.obj then

30: o< n

31: end if

32: else if n.r < M, then

33: Add n to list(t)

34: end if

35: end for

36: end for

37 end for
38: end procedure
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mission rate can be fully utilized. Specifically, we delay the transmission of all the
data by T slots, thus before transmission, all the data generated during 7T slots are
buffered in the queues. Then it takes another T slots to transmit all the buffered
data, since the total amount of transmission rate during the second T-slots duration
and the total arrival in the first T-slots duration satisfy inequality (3.13). In this
case, the scheduling problem becomes simple, and we can arbitrarily select any queue
to transmit so long as the queue is non-empty and the transmission rate can be fully
utilized. The transmission delay of this simple transmission strategy is 27. When T'
approaches infinity, the delay goes to infinity as well. The queues are stable, since

the average arrival rate is less than the average transmission rate.

3.3.2 Lyapunov Optimization Algorithm

The deterministic control can provide an upper-bound for the transmission control
performance, but it is not realistic as it requires the complete knowledge of future
channel condition A(t) and the arrival rate ay(t), and the computation complexity of
the rate allocation algorithm is high. Therefore, we mainly focus on the stochastic
optimization problems (P3) and (P4) and use Lyapunov optimization technique to
solve them. In the stochastic optimization problem formulation, h(t) and ay(t) for
different time slots are considered as i.i.d. random variables and so are their functions
p(t) and d(t).

Lyapunov optimization technique is simple to implement (no curse of dimension-
ality) and does not require the complete knowledge of h(t) and az(t) or their statistics
but only the h(t) of the current time slot which can be estimated using the feedback
from the receiver. In addition, the performance-delay tradeoff has been proved to
be O(1/V) and O(V') while ensuring the queue stability [28], which shows explicit
convergence of the algorithm.

To solve problem (P3), we define y(t) = p(t) — p and a virtual queue Z(t) as

follows
Z(t+1)=max[Z(t) +y(t),0]. (3.31)

If we can make the virtual queue stable, then the inequality constraint (3.17) can be

satisfied [28]. For completeness, we present the proof here. By sample path property,
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we have

Then, taking expectation and limit sup of ¢ to infinity, we can obtain

- 77> _
thm sup ; thm sup ; E - E {y(7 )} . (332)

If the virtual queue Z(t) is mean rate stable, then the left-hand-side of (3.32) is 0 and
the right-hand-side of (3.32) is less than or equal to 0. Thus, we have

=
lim sup n ZE{])(T)} —p <0.
=0

t—o00

Let ©(t) = [Q1(t), Q2(t), Z(t)] be the concatenated vectors of actual queues and
virtual queue. The Lyapunov function and one-slot conditional Lyapunov drift are

defined as

LIO() = 5 3 Q1) + 2 Z(1)” (333)
AO(H) = E{L(O( + 1)) ~ LO)O()} (3.34)

respectively. According to [28, Lemma 4.6], the drift-plus-penalty is bounded as

follows,

A©(1) + VE {d(t) + u((d(t) — d(t — 1))*)|O(1)} (3.35)
< B+ VE{d(1)|O(t)} + Z(E {y(1)|0()}

+ 3 QUOE {act) - bud]O (1)} .
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where V' > 0 is a weighting parameter and B is defined as

B2 53 B {at) + 000} + B {y(0]6()
=Y E{bamlon]. (3.36)

=

=1

where by(t) = min[by(t), Qx(t)]. Instead of minimizing the left-hand-side of (3.35),
we minimize the right-hand-side bound opportunistically. The optimization prob-

lem (3.15) is casted to the following deterministic optimization problem.

(P5) minimize V(d(t) + p(d(t) — d(t —1))?)

+ > Q) (ar(t) = (1)) + Z(t)y(t), (3.37)
subject to e(t) ={0,1},e1(t) + ea(t) < 1, (3.38)
0 <m(t) < Amax, 0 < p(t) < Pax. (3.39)

We can decompose the above optimization problem into two separate optimization

problems. The first one is a rate control problem.

(P6) minimize V(d(t) + pu(d(t) — d(t — 1))?)

+ Q1(t)m(t)q, (3.40)
subject to 0 < m(t) < Apax-

Since the distortion of the previous time slot, d(t—1), is known, the objective function
of problem (3.40) is solely dependent on m(t). We can set the derivative of the

objective function to 0, i.e.,

208V (2py + (1 — 2p)d(t — 1))mP~?
+ 2028V um* ™t 4 Q1 (t)q = 0, (3.41)

to obtain the optimal rate value.
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The second problem is for scheduling and power control.

(P7) minimize H = - Qu(t)bi(t) + Z(t)y(t), (3.42)

k=1
subject to  ex(t) = {0,1},e1(t) + ea(t) < 1,

0 < p(t) < Pmax-

Rearranging the objective function and removing the fixed term —Z(t)p, we have

2

=12 SENCROIE (1 U= \h<t>|2) (3.43)
+ 220001 (t) + ea(t)p(t).

f

To solve problem (3.42), we consider the three possible scheduling strategies sepa-
rately, i.e., e(t) = {0,1}, {1,0} and {0,0}. When e(t) = {0,0}, H = 0 and p(t) = 0.

For the other strategies, we have

i = =" Quoton (140 G INOR ) + 12000, B

We can set the gradient of (3.44) to zero to obtain the minimizer

_nBQy(t)  d°NoB

PO = Zime ~ G

(3.45)

then we can choose the scheduling strategy and p(¢) which minimize H. The algorithm

for each time slot is summarized as follows.

Step 1: Solve equation (3.41) to obtain m(t). If m(t) is out of the range of [0, Apnaz],

set m(t) to the nearest boundary.

Step 2: For all 3 possible scheduling strategies, solve (3.45) to obtain p(t). If p(t)
is out of the range of [0, ppaz], set p(t) to the nearest boundary. Then use p(t)
to calculate H based on (3.44). Choose the scheduling strategy and p(t) which

minimize H.

For problem (P4), similarly, two virtual queues can be built to satisfy the dis-

tortion and distortion variation constraints. Specifically, we define the following two
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virtual queues

Zy(t+ 1) = max [Z1(t) + 1 (1),0], (3.46)
Zo(t + 1) = max [Z5(t) + y2(), 0], (3.47)

where y,(t) = d(t) — d and y5(t) = (d(t) — d(t — 1))? — d,. Similar to problem (P3),
we minimize the right-hand-side bound of (3.35), then decompose the problem into a
power control problem and a rate control problem and solve them separately. As the

approach is similar to that for problem (P3), we do not include the full details.

3.4 Evaluation

In this section, we evaluate the performance of the proposed rate-distortion model
and the joint rate control, scheduling and power control algorithm. We adopted
compressive sensing components similar as those in [48]. The structurally random
matrix [15] is chosen as the measurement matrix, Undecimated wavelet transform
(UWT) is chosen as the basis, and analysis-based ¢; minimization is used to recover

the signal from the measurements.

3.4.1 Rate-Distortion Model

Two video sequences “Bus” and “Foreman” [45] are used to test how well the model
capture the rate-distortion characteristic. The resolution of the two videos are 176 x
144 and the frame rate is 15 frames per second. For each video sequence, we randomly
selected 3 frames and obtain the rate-distortion curve for each frame using model
(3.7) and (3.8), respectively. Specifically, we generate 10 sets of different number
of measurements for each frame: 200, 500, 1000, 2000, 3500, 5000, 7500, 10000, 15000,
and 20000. We set the number of bits for each measurement to 6. We recover the
images from these measurements and calculate the distortion, so we can obtain 10
rate-distortion points for each frame. We then use these rate-distortion points to
fit the models. Figs. 3.2 (a) and (b) show the rate-distortion relationship captured
by (3.7) for the two video sequences; (c) and (d) show the results using model (3.8)
for the two video sequences. We can see that model (3.8) can capture the rate-
distortion characteristic better, because the extra parameter v brings one more degree
of freedom. Other videos are tested and also show that model (3.8) is better than
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Figure 3.2: Model comparison

model (3.7). In the following, we adopt model (3.8) for the rate-distortion estimation.
The proposed model can capture the rate-distortion relationship of all the frames of
various types of videos. However, the parameters of the model may vary from frame
to frame depending on the characteristic of the video. We can obtain the model
parameter for each frame, but it suffers from high computational cost. Therefore, to
reduce the computational cost in obtaining the parameters of the model, we used the
same set of parameters for 15 consecutive frames to explore the temporal redundancy
of these frames. This value can be larger for video surveillance applications where
the videos are less dynamic. The distortion is calculated using ||z — Z||,,, where x
is the original image signal and Z is the reconstructed image signal. It is converted
to PSNR by PSNR = 10 x log,(25x25xHx W) “where H and W are the height and

llz—2lle,

width of the image, respectively.
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Avg.

Avg. distorgt;ion Avg. Q1 | Avg. Q2 | Avg. Q1 Avg.
1stortion .. acklo acklo arrival rate ower

v di ‘ variation backlog backlog ival p
(PSNR dB) (dB) (packets) | (packets) (kbits) (Watt)
1 2(5)90(15)7 ?()884;2 0.58 0.31 2.64 0.65
10 %i%g? 1(3728? 1.64 0.75 8.25 0.74
102 ?();(6)576? ?08'293% 4.55 2.01 23.26 0.79
103 2(3(5)928;)) (507'2932 12.44 4.57 55.09 0.80
104 122942)5 (402'20; 63.04 17.92 78.75 0.80

Table 3.2: Problem P3, power constraint, p = 0.8 Watt

3.4.2 Algorithm Evaluation

In this section, we evaluate the performance of the joint rate control, scheduling
and power control algorithm. We consider a wireless transmission system with B =
600 KHz and transmission power 0 < p < 1 Watt. We set the reference SNR to
4.75 dB when the transmission power is 0.5 Watt, and vy = d]\_,og = 5.97. The
transceiver efficiency 7 is set to 0.9. We assume that the arrival rate of the aggregated

traffic from the non-video sensing data as(t) confirms to the Poisson distribution with
the arrival rate of 0.1 packet per time slot and the packet size is 6 kbits.

For the deterministic control algorithm, the average power consumption is set to
0.8 Watt. The total number of time slots is 5000. In order to reduce the complexity
of the rate control algorithm, we perform rate allocation for every group of 50 slots
and the parameter M, is the summation of the transmission rate of the corresponding
slots. Meanwhile, the number of all possible measurements per frame is reduced from
20000 to 40 with an interval of 500 measurements. The results of the algorithm are as
follows. The average distortion is 1502.86 (28.63 dB), the average distortion variation
is 30.84 (0.18 dB), the average power consumption is 0.8 Watt.

For problem (P3), we set the time average power p to 0.8 Watt. On each time
slot, we perform the control decisions obtained using Lyapounov optimization.

Table 3.2 shows the simulation results. When V' is larger, the flow control algo-
rithm will admit more measurements into ()1, as the average number of bits increases
from 2.64 to 78.75 kbits. When V is sufficiently large, the algorithm fully utilize
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Figure 3.3: P3 trace V = 100

the channel transmission rate and achieve minimum distortion. Since the number
of measurements per frame is increased, the average distortion is reduced. Because
the trade-off between queueing delay and performance of min drift-plus-penalty algo-
rithm, the average queue backlog of ; and ()5 increased from 0.58 to 63.04 and from
0.31 to 17.92 packets, respectively. The virtual queue Z(t) is stable, so the average
power consumption is less than or equal to the desired value 0.8 W. Compared with
the results of the upper bound (with the deterministic control algorithm), as V' is in-
creased, the distortion and distortion variation are approaching to the optimal value
of the deterministic algorithm, which demonstrate the effectiveness of the stochastic
algorithm.

Fig. 3.3 shows the simulation trace of the power constraint problem (P3) for
V = 100. Figs. 3.3 (a) and (b) show the PSNR vs. slot and queue backlog vs. slot,

respectively. The total number of slots of the simulation is 5000, and the figures
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Ave. disf;%ion Ave. Q1 | Ave. Q2 | Ave. Q1 | Ave.
\Y distortion variation backlog | backlog | arrival rate | power
(PSNR dB) (dB) (packets) | (packets) (kbits) (Watt)
1998.43 65.95
4
10 (26.16) (0.3) 14.30 5.61 61.98 1.00
1998.87 65.80
6
5 x 10 (26.15) (0.29) 15.39 5.60 62.02 0.88
1999.26 65.28
8
10 (26.15) (0.29) 17.70 5.82 61.74 0.69

Table 3.3: Problem P4, distortion constraint, d = 2000, d, = 38.72

show the first 2000 slots as the remaining slots have the similar pattern. The average
number of measurements is 3876.7 and the average PSNR is 20.65 dB. From the
figure, the actual queues are stable and their average queue backlog are listed in
Table 3.2. At the beginning of the simulation, backlog of ()5 is increasing, because
the scheduling algorithm always choose ()1 to transmit or transmit nothing until the
queue backlog of )1 and ()5 are similar. During this time interval, the backlog of (),
is much larger than that of ()5, so it is more urgent to reduce the queue backlog of
(1. Then this pattern continues. The trace figures for other values of V' are similar.
For problem (P4), the maximum time average expected distortion d is set to 2000
(26.15 dB), and d, is set to 1500. The objective is to minimize power consumption.
The simulation results are shown in Table 3.3. When V is increased from 10%
to 10%, the average distortion is approaching the desired average distortion and the
average power is reduced from 1 to 0.69 Watt. Due to the trade-off between the
queueing delay and the performance of min drift-plus-penalty algorithm, the average
queue backlog of @1 and ()5 increased from 14.30 to 17.7 and from 5.61 to 5.82 packets,
respectively. The virtual queues are stable, so the time average expected distortion
d is smaller than 2000. The distortion variation is larger than the target 38.72. It is
because we update the rate-distortion every 15 frames, which leads to the inaccuracy.

However, the distortion variation is still acceptable.

3.4.3 Incremental-V algorithm

From the previous section, we can see that when increasing V, the objective function

is pushed to the optimal value but the average queue length and average queueing
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delay is increased as well. For video transmission applications, we need to control the
queueing delay. In this section, we propose a variant algorithm to achieve the above

goal. We increase the value of V' every T' time slots according to
V(k) =Vo(1+kT)°, (3.48)

where Vj is the initial value of V' and o controls the growing speed of V. [28] has shown
that the Lyapunov optimization algorithm can achieve optimality when increasing
V' according to the above equation every time slot. However, for the purpose of
controlling the average delay, we increase V' until the average transmission delay
during the last T time slots reaches the target delay t,.

To evaluate the algorithm, we set 7" to 5000 time slots, ¢ to 0.45, and ¢, to 400 ms.
Fig. 3.4 shows the trace of the incremental-V algorithm, where (a) and (b) show the
PSNR vs. slot and queue backlog vs. slot, respectively. From the figure, the PSNR
and queue length increase in a staircase manner until the average transmission delay
reaches t;. V is increased and stopped at 135.9, the average video distortion is 3728.08
(20.74 dB); average queue length of @); and @y are 4.86 and 2.1 kbits, respectively;
and the average power consumption is 0.79 W. In this way, we can push the objective
function to the optimal value while maintaining the average transmission delay within
an acceptable range.

The incremental-V algorithm shows the same convergence property and perfor-
mance bound in each time period T as the previous algorithms, since the value of
V' is fixed for each time period. The number of time periods needed before the con-
vergence of the algorithm to the target transmission delay depends on parameter Vj
and o in (3.48). If we choose a larger value of V' and o, the step size of V is larger
and the value of V is increased quickly, and thus it may increase the convergence
speed. However, it may also lead to a longer transmission delay than expected. How

to choose Vj and o to reduce convergence time is left for future exploration.

3.5 Summary

In this chapter, we have proposed a simple and effective rate-distortion model for com-
pressive sensed video. Using this model, we can estimate the video distortion given the
number of measurements used in signal recovery. We have formulated a deterministic

optimization problem as a bench mark, and a more practical stochastic optimization
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problem for transmitting compressive sensing video over wireless channels. A supple-
mentary stochastic optimization problem has been formulated to consider distortion
and power consumption with different priority. The proposed stochastic algorithm
does not need to know the complete future channel condition and arrival rate and its
computational complexity is low.

We have further proposed an incremental-V" algorithm, which helps to choose the
value of V' while keeping the average transmission delay in a reasonable range. The
simulation results have shown the effectiveness of the proposed transmission control

algorithms.
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Chapter 4

Scalable Video Coding with

Compressive Sensing for Wireless
Videocast

The main contributions of this chapter are three-fold. First, we propose a low-
complex, scalable video coding architecture based on compressive sensing (SVCCS)
for wireless unicast and multicast transmissions. SVCCS achieves good scalability,
error resilience and coding efficiency. An SVCCS encoded bitstream is divided into
a base layer and an enhancement layer. The layered structure provides quality and
temporal scalability. The base layer is composed of a small portion of discrete cosine
transform (DCT) coefficients. The enhancement layer consists of compressive sensed
measurements. While in the enhancement layer, the CS measurements provide fine
granular quality scalability. In addition, we incorporate the state-of-the-art technolo-
gies of compressive sensing (e.g., analysis-based ¢; minimization and dictionary) to
improve the coding efficiency. Second, we study the performance of SVCCS and the
contribution of each component of the codec. We also compare the performance of
SVCCS and MJPEG in wireless video multicast. Third, we investigate the rate alloca-
tion problem for multicasting SVCCS encoded bitstream to a group of receivers with
heterogeneous channel conditions. Specifically, we study how to allocate rate between
the base and enhancement layer to improve the overall perceived video quality for all
the receivers while satisfying the real-time video transmission delay requirement. We
first build a rate distortion model to capture the rate distortion charactersitics of the

SVCCS encoded bitstream. Then we propose a rate allocation algorithm using this
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model. Simulation results show that SVCCS is more effective and efficient for wire-
less videocast than the existing solutions. We also demonstrate the accuracy of the
proposed rate distortion model and the effectiveness of the proposed rate allocation
algorithm.

The rest of the chapter is organized as follows. Section 4.1 gives a brief intro-
duction of compressive sensing and the related work. Section 4.2 describes the archi-
tecture of SVCCS. Section 4.3 describes the rate allocation problem and its solution.
The performance of SVCCS, the proposed rate distortion model and rate allocation

algorithm are studied in Section 4.4, followed by concluding remarks in Section 4.5.

4.1 Related Work

The application of compressive sensing in video and image has attracted a lot of
research efforts [31, 25, 54, 10, 40]. However, there are not many research focusing on
joint image/video coding based compressive sensing and transmission. There are a few
related work using compressive sensing as joint source and channel coding framework.
[11] used compressive sensing to protect sparse signals over erasure channels. The
proposed method compensates the lost measurements during transmission by sending
more measurements.

With respect to image and video transmission, [33] designed a video encoder based
on CS and a streaming protocol for wireless video transmission. To exploit temporal
redundancy, the difference frame of the I frame and the target frame is compressive
sensed in [33]. It means that the original video frame is used as the reference frame in
the encoder side, while the decoder uses the recovered image as the reference frame.
The discrepancy will degrade decoded video quality. When there is a transmission
error in the reference frame, the error will affect the frames depending on it.

In [46], the hardware and algorithm to acquire image and video signals were
proposed, which exploited the correlation of adjacent frames. They used the joint
measurement matrix and 3D wavelets as the representing basis, encoding several
frames or even the whole video sequence and then recovering the frames together.
However, this method increases computational complexity and also increases both
the encoding and decoding delay.

Therefore, in this chapter, we propose a low-complex, scalable video coding ar-
chitecture based on compressive sensing, which utilizes temporal redundancy and the

state-of-the-art technologies to improve the compressive sensing coding efficiency and
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makes it resilient to transmission errors.

4.2 Proposed Video Coding Architecture

Previously, coding efficiency of compressive sensing cannot compete with conventional
codec such as JPEG or MPEG4 when dealing with already acquired image or video
signals with high resolution and quality. Compressive sensing only shows its advan-
tage when it acquires and compresses image at the same time. Our goals of designing
SVCCS are two-fold: 1) improve its coding efficiency, and 2) make it error resilient.

In this section, we describe how these goals are achieved.

4.2.1 Layered Structure Design

Figs. 4.1 and 4.2 illustrate the proposed video encoder and decoder architecture,
respectively. As shown in Fig. 4.1, video frames are divided into two categories, i.e., [
frames and P frames. I frames are DCT transformed and d coefficients are extracted in
a zigzag order, then uniformly quantized and entropy encoded. Although the number
of these coefficients is small, they contain the majority energy of the image. Therefore,
after these coefficients are inversely quantized and inversely DCT transformed, the
resultant image provides moderate image quality and can be used as a reference
frame. Then the difference between the reference frame and the I or P frame, called
the difference frame, is fed into the compressive sensing block.

The concept of the reference frame comes from conventional video codecs, where
temporal redundancy of adjacent frames is exploited to improve coding efficiency.
For conventional video codecs, the difference of adjacent images contains less energy
thus needs less bits to represent. For compressive sensing, the difference of adjacent
images is more sparse and compressible.

Motion compensation is not adopted although it can improve the coding efficiency
greatly, since it is the most computational complex operation in the traditional en-
coder. In addition, motion compensation requires to transmit the motion vectors
error-free. If motion vectors are corrupted during transmission, degradation of re-
ceived video quality is inevitable.

In order to minimize transmission errors, a small portion of DCT coefficients are
chosen as the reference frame instead of the whole I frame, since it is easier and less

costly to protect the small amount of the DCT coefficients than the whole I frame.
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As any part in the reference frame is corrupted, error will propagate among the entire
group of pictures (GOP). We can see the similarity between the proposed video codec
and the scalable video coding (SVC) [39]. The reference frame constitutes the base
layer and the compressive sensed difference frame composes the enhancement layer.
The layered structure of the proposed video coding architecture thus preserves the
quality and temporal scalability.

Fig. 4.3(a) shows one possible GOP structure. The GOP size is four. The arrowed
dashed lines indicate the dependence between frames. From the figure, we can see that
P frames are dependent on the closest I frame(s)’ reference frame(s). The P frame in
the middle is dependent on the average of the two reference frames to better exploit
temporal redundancy. Fig. 4.3(b) shows an alternative GOP structure. Every frame
consists of the base layer and enhancement layer and there is no dependency between
frames. Since this type of GOP structure does not exploit the temporal redundancy,
the compression ratio might be lower compared with the GOP structure in Fig. 4.3(a).

But there is no GOP structure delay and it is more suitable for time-sensitive video

applications.
Reference IDCT Inverse
frame zigzag quantize
DCT
. Entropy coefficients
. |
DCT Quantize coding
zigzag
I frame
. . Entropy
- Sensin uantize . >
1, P frame— 9 Q coding | Measurements

Figure 4.1: encoder

4.2.2 Components of Compressive Sensing

The structurally random matrix [15] is chosen as the measurement matrix which can

be described as

= QWP (4.1)
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where matrix P € R™*" is a global randomizer which randomly permutes matrix .
Matrix @ € R™*"™ randomly selects m rows of WP. W € R" " is a block diagonal
matrix.
In addition to the synthesis-based ¢; minimization, an alternative analysis-based
/1 minimization can be formulated as
min |¥*Z|e,,

(4.2)
subject to ||y — ®Z||e, <.

According to [9], when W is an orthonormal basis, the above two problems are equiv-
alent. But when W is a redundant dictionary, analysis-based ¢; minimization involves
less unknowns so the recovery performance is superior.

Undecimated wavelet transform (UWT) is chosen as the basis ¥. UWT has
been found to outperform the orthogonal wavelet transform in image denoising. It is

expected to enhance the sparsity of image.

4.2.3 Quantization

DCT coefficients and measurements are uniformly quantized. Let [ be the number of
bits to represent a measurement. V.. = max(|y;|). Range [—Vinax, Vinax] is divided
into 2! bins. Then the measurement can be represented by the sequence number of
the bin which contains it. The quantization step size ¢ = 2Vijax/ 2!, DCT coethi-

cients quantization follows the same way. The variance of quantization error can be
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Figure 4.3: GOP Structure. Vertical dashed lines contain a group of pictures of size

four.

estimated by

A =

P®m  Viay/m

12 3.2

When there is no other noise except quantization error, e = A.

(4.3)

Last, we adopt the simple entropy coding technology, the Huffman code, to further

improve the code efficiency.
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Table 4.1: Symbol list

Symbol Description
f frame rate per second
Te code rate of the convolutional code
C; SNR of user i
Di measurement loss rate for user ¢
U number of DCT coefficients for each frame
Umax maximum number of DCT coeflicients for each frame
m number of CS measurements for each frame
Mimax maximum number of CS measurements for each frame
a,b,c,d,e, g | distortion model of SVCCS
Cu average compression ratio of DCT coeflicients
Cm average compression ratio of CS measurements
b, number of bits for each DCT coefficient
by number of bits for each CS measurement
d(u,m) distortion model of u and m
rm(m) rate model of m
ru(u) rate model of u

4.3 Rate Allocation Problem

4.3.1 System Model

We consider a base station using the proposed SVCCS to encode the real-time videos
and multicasting to a group of users with heterogeneous channel conditions. The
symbols of the system model are listed in Table 4.1. The frame rate of the video is f
frames per second. Every 1/f seconds, the base station encodes one frame and multi-
casts it to the receivers. Since the base layer is more important than the enhancement
layer, it is protected using a convolutional code with code rate r. and with DBPSK
modulation and link layer retransmission to ensure error-free transmission; while for
the enhancement layer, we exploit the joint source and channel coding feature, so
the enhancement layer is transmitted without additional channel coding and with a
higher order modulation such as 16QAM. Each receiver, USER;, sends its SNR C; to
the base station. From the SNR, the base station can estimate the BER and thus
the measurement loss rate p; of the measurements for each user. Based on the SNR
feedback and the rate distortion characteristics of the SVCCS bitstream, the base
station needs to determine the number of DCT coefficients u for the base layer and

the number of measurements m for the enhancement layer for each frame.
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4.3.2 Rate Distortion Model

We build a rate distortion model to capture the rate distortion relationship. Specifi-
cally, we build a rate model and distortion model of the number of DCT coefficients
u and the number of measurements m. We assume that the number of bits for the
DCT coefficients and measurements is fixed. The optimal number of bits to minimize
distortion is left for future exploration. We build the models for the GOP structure
shown in Fig. 4.3(b), which is more suitable for time-sensitive video applications. The
models can be extended easily for GOP structure in Fig. 4.3(a). The distortion model

is
d(u,m) = (au® + ¢)m @+ 4 g, (4.4)

where a, b, ¢, d, e and g are the model parameters. For each fixed u, the distortion
solely depends on m and it exhibits power law decaying tendency, au’ + ¢ can map
to a in model (3.8) and du + e can map to § in model (3.8). So it is similar to the

rate distortion model (3.8). The rate models are as follows.

ru(u) = cybyu, (4.5)
Tm(m) = Cpbmm, (4.6)

where ¢, and ¢, are model parameters, which denote the average compression ratio
of DCT coefficents and measurements, respectively; b, and b, are the number of bits
for each DCT coefficient and measurement, respectively. We choose a linear model
since the compression ratio is approximately constant and independent of the number

of DCT coefficients and measurements according to our simulation results.

4.3.3 Rate Allocation Problem Formulation

The objective of the problem is to minimize the summation of the distortion of all

receivers while satisfying the delay constraint of real-time video transmission. The



68

optimization problem is defined as follows.

minimize J(u,m) = Z ((au® + ) ((1 — pi)m)\dute) 4 9) (4.7)
ubu C mbm ]‘

subject to Cubui/r + Cmom T <-, (4.8)
Ty Te f

0 < u < Unag, (4.9)

0 <m < Mg (4.10)

In the above, r, and 7. are the data rate for the base layer and the enhancement
layer, respectively. The constraint requires every frame being delivered in time, which
indicates that the video bitrate should be less than the total transmission rate of the
base and enhancement layers.

Although the rate allocation problem is formulated for multiple users, the solution
can be used for video unicast transmission simply by reducing the number of receivers
to one. In the problem formulation, we assume that the channel condition is stable,
but it can be easily extended to the situation where the channel condition is varying.
In the latter case, we can assume that the channel condition is stable in a short time

interval and update p; periodically.

4.3.4 Rate Allocation Algorithm

We apply Lagrangian technique to solve the optimization problem. First, we rewrite

the optimization problem as follows.

minimize  _ ((au’ +€)((1 = pi)m) ) + g)

(2

+r (C“b““/ ey Cmbmm) , (4.11)

Tp Te

where 7 > 0 is the Lagrangian multiplier. Then we can find a 7 to satisfy the
constraint. To simplify the solution to the above unconstraint optimization problem,
we first fix the value of u. Specifically, for a given value of u, we can find the minimum

value of m which minimizes the objective function. We set the partial derivative of
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the objective function on m to 0, i.e.,

0J(u, m)

—— (au® + ¢)(du + e)m@*e Z(l — p;)dute

i

+ 7Cmbm /e = 0. (4.12)

By rearranging the terms, we can obtain the closed-form solution,

1
—reyby,\ T
m = K%) J , (4.13)

where B = (au’ + ¢)(du +€) Y_,(1 — p;)®™*°. Then we can find the minimizer u and
m which minimize the objective function. The algorithm is summarized in algorithm

3. Lines 4-22 search the Lagrangian multiplier 7 which satisfies the transmission

Algorithm 3 Rate Allocation Algorithm
1: procedure RATEALLOCATION
2 TransmissionTime <— +o00
3: T+ 0

4: repeat
5

6

Obj < 400
for u < 1, upy,, do

' 1
7: mu _ L(Tcmgm/re) du+e—1J

8: if m, > mpu. then

9: My < Mmax

10: else if m, < 0 then

11: m, < 0

12: end if

13: Obj, « J(u,my)

14: if Obj, < Obj then

15: u* —u

16: m* < my

17: Obj < Oby,

18: end if

19: end for

20: TransmissionTime < u*busu/ ~ m*f::%
21: T—T+0

22: until TransmissionTime < 1/f

23: end procedure
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delay constraint. Lines 6-19 iterate all the possible value of u, and calculate the
corresponding value of m, which minimizes the objective function and choose u* and
m* which minimize the objective function from all the possible pairs of v and m,,.
Umax aNd M.y are the maximum values of u and m, respectively. Line 21 increments

T by a positive constant 0.

4.4 Performance study

In this section, we first investigate the reasoning behind the codec design and its
performance and compare the performance of the proposed SVCCS and the tradi-
tional solutions in supporting wireless multicast applications. Then we evaluate the

proposed rate-distortion model and rate allocation algorithm.

4.4.1 Performance of SVCCS

We use “Foreman” [45] as the test video sequence to investigate the SVCCS perfor-
mance. The resolution is QCIF(176 x 144), and frame rate is 15 frames per second.
We use NESTA [4] which is a routine that can solve analysis-based ¢; minimization.

Fig. 4.4 shows the compressibility of an original frame and a difference frame. A
difference frame is obtained by subtracting two consecutive original frames. We use
the db4 UWT with four levels. Since UWT is redundant, the number of resultant
transform coefficients is 16 times larger than the frame size. Then, we sort the
magnitude of the coefficients in descending order. From the figure, we can see that
not only the difference frame’s energy is reduced, but also the coefficients of the
difference frame decay much faster and the portion of small coefficients is lager than
that of the original frame.

Fig. 4.5 shows the distribution of DCT coefficients and measurements. Since
the DCT coefficients contain the majority of the energy of an image and are more
important, we use more bits (9 bits) to represent a DCT coefficient than that for a
CS measurement (4 bits). There are 500 DCT coefficients and 12000 measurements
for each frame. From the figure, the distribution is close to a Gaussian distribution.
Therefore, the coding efficiency can get benefit from the Huffman coding. With
Huffman coding, the average number of bits of each DCT coefficient and measuremen
are reduced to 5.5 and 2.9 bits, respectively.

In order to study the contribution of each component of the video codec, we turn
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Figure 4.6: Comparison of components. anall denotes analysis-based ¢; minimization;
inter denotes inter-coding with GOP structure IPPP; intra denotes all frames are
intra-coded; u denotes biorthorgonal 9/7 wavelet transform and uwt denotes UWT.

off the component or use an alternative to see the effect of the tagged component. We
compare analysis-based ¢; minimization with total variation(TV) [36], 9/7 wavelet
transform with UWT, intra-coding with inter-coding, and entropy coding enabled
with entropy coding disabled. In our study, we set the number of DCT coefficients
to be 500 with 9 bits for each coefficient before Huffman coding. We change the
coding rate by changing the number of measurements but with fixed 4 bits for each
measurement. We use the same GOP structure depicted in Fig. 4.3 for inter-coding.

From Fig. 4.6, we can see that inter-coding is better than intra-coding for both
analysis-based ¢; and TV minimization. PSNR is increased by 12% (3.43 dB) on
average for analysis-based ¢; with UWT case and inter-coding. If analysis-based ¢;
and inter-coding are enabled, the UWT is 11% (3.2 dB) better than biorthorgonal
9/7 wavelet transform on average. Analysis-based ¢; with inter-coding is 5% (1.6 dB)
better than TV with inter-coding. When we use entropy coding, the bitrate is further
reduced by 25% on average.

Next, we study the scalability of SVCCS. The effect of measurement loss is the
same as changing the size of the measurement matrix. When the measurements

are lost, we just eliminate the corresponding rows in the measurement matrix and
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estimated the quantization error A again in the decoder side. For SVCCS, we compare
our proposed GOP structure with that described in [33], i.e., the whole compressive
sensed I frame is served as a reference frame. Assume that the DCT coefficients
are received correctly. Fig. 4.7 shows the comparison. Since the reference frame in
[33] cannot be recovered exactly the same as that in the encoder, the decoded video
quality is thus degraded. If the measurements of the reference frame are lost, the
degradation is more apparent. Therefore, as shown in Fig. 4.7, the proposed GOP

structure of SVCCS is more desirable.

4.4.2 Comparison with MJPEG

We study the performance of wireless multicast with SVCCS. We compare the convo-
lutional code protected MJPEG bitstream and SVCCS. 50 frames are encoded with
MJPEG and SVCCS, respectively. Table 4.2 lists the average frame size and average
PSNR of all frames. The SVCCS encoded bitstream is obtained from the joint source
and channel coding approach, so we do not apply channel coding. For MJPEG coded
bitstream, we apply convolutional code (code rate is 1/2). After channel coding,
the doubled average frame size of MJPEG is even larger than that of SVCCS; thus,
SVCCS can take less channel bandwidth.

We assume that the communication channel is AWGN and modulation scheme
is DBPSK. Assume that the base layer of SVCCS can be correctly received. This

assumption is acceptable as the base layer only counts for 2% of the coded bitstream,
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Avg. frame size (Kbits) Avg. PSNR (dB)
SVCCS 36.99 32.74
MJPEG 20.93 31.85

Table 4.2: Measurement and bits allocation

35
——SVCCS | 1
——MJIPEG
O 1 1 1 1
7 7.5 8 8.5 9

SNR(dB)

Figure 4.8: PSNR vs. SNR

which can be protected with very low cost. The average PSNR of the base layer is
21.45 dB.

Fig. 4.8 shows the advantage of SVCCS which is strongly adaptive to channel
conditions. Suppose that the channel quality of users varies from 7 to 9.2 dB. In the
simulation, we set the packet size of the SVCCS coded bitstream to 250 bytes. If
one bit is transmitted in error, the whole packet and the contained measurements are
lost. For MJPEG coded bitstream, we do not drop any packet even if there is any
error, as dropping the whole packet makes the decoded quality even worse. We rely
on the error resilience capability of JPEG decoder. Admittedly, this is not the best
way of error concealment, but the figure is sufficient to show the better scalability of
SVCCS than FEC protected MJPEG.

When we evaluate the video quality at a particular receiver whose SNR is 7.6 dB,
some of the frames of MJPEG cannot be decoded and the decoded one shows worse
quality than SVCCS, as shown in Fig. 4.9.
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Figure 4.9: SVCCS vs. MJPEG
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Figure 4.10: Distortion model

4.4.3 Rate Distortion Model

In this section, we evaluate the effectiveness of the proposed rate distortion model.
We use the SVCCS to encode and decode images to obtain the rate-distortion data.
Then the data is used to fit the model and obtain the model parameters. Fig. 4.10
shows the distortion model and the actual rate distortion data. The model fitness
metric R-square value is 0.90, which demonstrates the accuracy of the proposed model.
From the figure, for a fixed number of DCT coefficients, with an increasing number
of measurements, the distortion decreases with a power law decaying tendency. We
have fitted the model for other videos, the results are similar. Fig. 4.11 shows the
rate model for DCT coefficients and measurements. The R-sqaure value for model
ry, and 7, are 0.95 and 0.99, respectively. The rate model shows similar accuracy for

other frames.

4.4.4 Multicast with SVCCS

In this subsection, we evaluate the performance of the rate allocation algorithm. We

consider a base station multicasting real-time video to a group of 5 users with hetero-
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Scenario Avg. PSNR (dB) Avg. bitrate (Kbps) u m

unis 32.89 901.73 320 19672
badb 26.84 903.14 310 19769
goodb 36.13 897.67 340 19416

Table 4.3: Rate allocation results for different scenarios

geneous channel conditions. We assume that the wireless channel is AWGN channel.
The SNR of the receivers for scenario uni5 are uniformly distributed in [10, 20] dB.
The SNR of the receivers for scenario good5 and badb are distributed in [18, 20] and
[10, 12] dB, respectively. The transmission bandwidth is set to 800 kHz. For the
base layer transmission, the modulation and coding scheme are DBPSK and a con-
volutional code with code rate r. = 1/2, respectively. The data rate r, is 0.26 Mbps.
For the enhancement layer transmission, the modulation sechme is 16QAM without
channel coding. The data rate r. is 1.04 Mbps. We use the same video as that in the
previous section, and the frame rate F' is 15 frames per second. For real-time video
transmission, we adopted the GOP structure shown in Fig. 4.3(b). The number of
bits of DCT coefficient b, and measurements b, are set to 9 and 4 bits, respectively.
To reduce the complexity of obtaining the rate distortion model, we exploit the tem-
poral similarity between adjacent frames. Specifically, we update the rate distortion
model every 15 frames. It means that we obtain the rate distortion model of one
frame and use this model as an approximation model for the following 14 frames.
Table 4.3 shows the rate allocation results for the 3 different multicast scenarios.
From the table, we can see that the video quality degrades as the overall channel
conditions get worse, since the PSNR value drops from 36.13 dB to 26.84 dB as the
overall channel conditions degrade. We can also observe that when the overall channel
conditions degrade, the rate allocation algorithm tends to allocate more measurements
and reduce the number of DCT coefficients and the total bitrate is increased from
897.67 Kbps to 901.73 Kbps. The increased number of measurements can compensate
the lost measurements. When the channel condition is good, the rate allocation
algorithm reduces the number of measurements and increases the number of DCT
coefficients to further improve the video quality. The total average bitrate for all the
3 scenarios are smaller than the total data rate, which satisfies the delay constraint.
Fig. 4.12 shows the PSNR traces of 45 frames for the 5 receivers in scenario unib.
The average PSNR for the 5 receivers are 21.96, 34.20, 36.10, 36.1 and 36.10 dB,

respectively. From the figure, we can see that the SVCCS bitstream is scalable in
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that the enhancement layers are useful for all the receivers. For each receiver, the
base layer is received error-free and all the received enhancement measurements can

be used in the decoding process to improve the received video quality.

4.5 Summary

In this chapter, we have proposed a low-complex, scalable video coding architecture
based on compressive sensing for wireless unicast and multicast transmissions. As
SVCCS can achieve good scalability, error resilience and coding efficiency, it is more
effective and efficient than the traditional solution to support wireless videocast. We
have built a rate distortion model for SVCCS encoded bitstream. Based on this
model, we have investigated the rate allocation problem for real-time video multicast

and formulated an optimization problem.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this dissertation, we have studied three problems of video streaming over wireless

channels. The following outlines the contributions achieved.

e In Chapter 2, we have formulated the rate adaptation problem as an MDP and
used dynamic programming to obtain the optimal streaming policy. To reduce
the complexity of the optimal streaming policy, we have proposed an online
algorithm which learns the bandwidth statistics and determines the request
decisions for the future. The trade-off between the average video quality and
playback smoothness can be made by adjusting the parameter in the reward
function. Experimental results have shown that the proposed solution is feasible

and can substantially outperform the existing one.

e In Chapter 3, we have proposed a simple and effective rate-distortion model
for compressive sensed video. Using this model, we can accurately estimate the
video distortion given the number of measurements used in signal recovery. We
have formulated a deterministic optimization problem as a bench mark, and
a more practical stochastic optimization problem for transmitting compressive
sensing video over wireless channels. A supplementary stochastic optimization
problem has been formulated to consider distortion and power consumption with
different priority. We have further proposed an incremental-V algorithm, which
helps to choose the value of V' while keeping the average transmission delay in
a reasonable range. The simulation results have shown the effectiveness of the

proposed transmission control algorithms.
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e In Chapter 4, we have proposed a low-complex, scalable video coding archi-
tecture based on compressive sensing for wireless unicast and multicast trans-
missions. As SVCCS can achieve good scalability, error resilience and coding
efficiency, it is more effective and efficient than the traditional solution to sup-
port wireless videocast. We have built a rate distortion model for SVCCS en-
coded bitstream. Based on this model, we also investigated the rate allocation

problem for real-time video multicast and formulated an optimization problem.

5.2 Future Work

Some of the future work are listed as follows.

e In Chapter 2, we have studied the rate adaptation problem for SVC streaming
in a DASH system. There are several issues worth further investigation. For
instance, to fully utilize the layered feature of SVC, we may consider other
possible actions, such as to “upgrade” multiple previously received segments
when possible. We may use moving window to better estimate the bandwidth
state transition probability and capture the non-stationary behavior of varying
bandwidth. We may also keep a history of requested segment layer index and
make decisions based on these records to further improve the smoothness of

video playback.

e In Chapter 3, we have investigated the transmission control problem for com-
pressive sensing video over wireless channel. When solving the stochastic op-
timization problems, we assume that the channel fading coefficient is known
for the current slot. In practice, channel condition can be estimated through
feedback from the receiver. The impact of the delayed and inaccurate channel
estimation is left for future exploration. For simplicity, we used channel capacity
to calculate the transmission rate based on channel condition and power level.
In reality, the transmission rate also depends on the modulation and coding
schemes adopted in the system. How to extend this work to consider discrete

link rates requires further investigation.

e In Chapter 4, we proposed a novel coding structure based on compressive sens-
ing and rate allocation algorithm for wireless multicast. CS based video coding

is overall a promising direction with many other open issues that worth further
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investigation. When building the rate distortion model, we have fixed the num-
ber of bits for DCT coefficients and measurements. In the future work, we can
explore the effect of different quantization levels of DCT coefficients and mea-
surements on rate and distortion and extend the rate distortion model to other
GOP structures; how to reduce the decoding complexity and further improve

the coding efficiency is another important further research issue.
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