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Bandwidth-intensive video streaming applications occupy an overwhelm-

ing fraction of bandwidth-limited wireless network traffic. Compressed video

data are highly structured and the psycho-visual perception of distortions and

losses closely depends on that structure. This dissertation exploits the in-

herent video data structure to develop perceptually-optimized transmission

paradigms at different protocol layers that improve video quality of experi-

ence, introduce error resilience, and enable supporting more video users.

First, we consider the problem of network-wide perceptual quality op-

timization whereby different video users with (possibly different) real-time

delay constraints are sharing wireless channel resources. Due to the inherently

stochastic nature of wireless fading channels, we provide statistical delay guar-

antees using the theory of effective capacity. We derive the resource allocation

policy that maximizes the sum video quality and show that the optimal op-

erating point per user is such that the rate-distortion slope is the inverse of

vii



the supported video source rate per unit bandwidth, termed source spectral

efficiency. We further propose a scheduling policy that maximizes the number

of scheduled users that meet their QoS requirement.

Next, we develop user-level perceptual quality optimization techniques

for non-scalable video streams. For non-scalable videos, we estimate packet

loss visibility through a generalized linear model and use for prioritized packet

delivery. We solve the problem of mapping video packets to MIMO subchan-

nels and adapting per-stream rates to maximize the total perceptual value

of successfully delivered packets per unit time. We show that the solution

enables jointly reaping gains in terms of improved video quality and lower

latency. Optimized packet-stream mapping enables transmission of more rele-

vant packets over more reliable streams while unequal modulation opportunis-

tically increases the transmission rate on the stronger streams to enable low

latency delivery of high priority packets.

Finally, we develop user-level perceptual quality optimization tech-

niques for scalable video streams. We propose online learning of the mapping

between packet losses and quality degradation using nonparametric regression.

This quality-loss mapping is subsequently used to provide unequal error pro-

tection for different video layers with perceptual quality guarantees. Channel-

aware scalable codec adaptation and buffer management policies simultane-

ously ensure continuous high-quality playback. Across the various contribu-

tions, analytic results as well as video transmission simulations demonstrate

the value of perceptual optimization in improving video quality and capacity.
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Chapter 1

Introduction

With the explosive growth of video traffic over wireless networks, it

becomes necessary to support more simultaneous video streams while guar-

anteeing a high level of quality for individual users. The scarcity of wireless

network resources along with the inherently unreliable wireless channels make

achieving these objectives particularly challenging. Traditionally, video data

are treated in a data-agnostic fashion and perceptual video quality is not

considered as a target optimization objective. With the availability of per-

ceptual quality metrics that provide good correlation with subjective quality,

new video transmission paradigms are needed that make video-aware decisions

in different protocol layers of the network from the video server to the base

station (BS) or access point (AP) to improve video quality, introduce error

resilience, and mitigate wireless channel impairments.

This dissertation proposes a family of algorithms that enable percep-

tual video quality optimization for individual video streams and across video

users. The first major contribution, described in Chapter 2, solves the problem

of partitioning wireless channel resources across real-time video users with hy-

brid QoS requirements to maximize a video quality-based utility function. The
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Figure 1.1: A cross-layer overview of the contributions and the required side
information exchange for perceptual quality optimization.

second major contribution, described in Chapter 3, develops perceptual qual-

ity optimization algorithms for non-scalable video streams to mitigate channel

impairments through packet prioritization. The third major contribution, de-

scribed in Chapter 4, proposes unequal error protection (UEP) techniques for

scalable video layers to minimize quality degradation due to packet losses. A

cross-layer overview of those contributions is provided in Figure 1.1 and ex-
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plained in greater detail in Section 1.6. Across the various contributions, a

common theme of the proposed algorithms is adapting the video source and

the wireless transmission medium exploiting the video data structure and the

wireless channel variability to improve video quality and capacity.

Due to the cross-layer nature of the proposed algorithms, we provide

an overview of the different protocol layers in Sections 1.1-1.4 with particu-

lar emphasis on their impact on video transmission. This serves to motivate

the potential of video-aware transmission decisions at different protocol lay-

ers. We consider a five layer protocol stack composed of the application,

transport, network, link, and physical layers. The application layer handles

video compression, source rate adaptation, decoding, and error concealment.

The transport layer provides connectionless or connection-oriented transport

functions including congestion control, flow control, reliable delivery, and con-

nection establishment. The network layer enables routing data across network

boundaries and interfaces with the link layer. The link layer handles multiple

access, automatic repeat request (ARQ), and quality of service (QoS) control.

Finally, the physical layer includes a collection of functions, such as modula-

tion, forward error correction (FEC), equalization, and detection, that enable

communicating over the physical transmission medium.

1.1 Application Layer: Structured Nature of Video Data

The APP layer of the network protocol stack handles video compression

and coding, typically performed at the video server. Video compression aims to
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provide high coding efficiency, ease of transport system integration, and data

loss resilience. Video coding standards have constantly evolved over the last

two decades. The most recent High efficiency video coding (HEVC) standard

achieves a remarkable 2x bit rate saving over its predecessor, H.264/MPEG-4

advanced video coding (AVC), and over 4x in comparison to the prior MPEG-2

standard [1]. HEVC [2, 3] was designed to address the need for superior coding

efficiency with the popularity of high definition (HD) video, and the emer-

gence of beyond-HD formats (e.g., 4k×2k or 8k×4k resolution). Specifically,

it focuses on two key issues not fully addressed in prior standards: increased

video resolution and increased use of parallel processing architectures. Prior

to HEVC, the major coding standard is the popular H.264/MPEG-4 AVC

[4, 5] which has been an enabling technology for digital video. It is widely

used for many applications, including high definition (HD) TV broadcast over

satellite, cable, and terrestrial transmission systems, video content acquisition,

camcorders, security applications, Internet and mobile network video, blu-ray

discs, as well as real-time conversational applications such as video chat and

video conferencing.

The high level encoder structure of H.264 is shown in Figure 1.2. With

the video coding evolution, a block-based hybrid coding approach similar to

that in Figure 1.2 was retained in all video compression standards since H.261.

The block-based hybrid coding approach relies on inter- and intra-picture pre-

diction and 2-D transform coding. The evolution of video coding has focused

on optimizing the design of the individual blocks to improve coding efficiency,
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Figure 1.2: H.264 encoding structure based on inter- and intra-picture predic-
tion and 2-D transform coding.

rather than a complete re-thinking of the encoding process. Thus, instead of

focusing on a specific coding standard, we highlight the key features shared

by the standards that make up the majority of digital video traffic:

1. Block-based coding: A hierarchical coding structure consisting of pic-

tures, slices, and macroblocks is typically employed. A coded picture

(or frame) consists of a set of slices or slice data partitions that rep-

resent the samples of the video picture. A slice is a spatially distinct

region of a picture that is encoded separately other region in the same

picture. Each slice consists of a sequence of macroblocks, each repre-
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senting block-shaped units of associated luma and chroma samples. In

some standards, such as HEVC, a hierarchical block structure is used

with coding blocks, prediction blocks, and transform blocks to provide

more flexibility in coding decisions and improve coding efficiency. The

underlying block-based coding approach, however, remains the same.

2. Inter-picture prediction: Video frames as typically encoded as intra

coded (I), predictively coded (P), and bi-predictively coded (B) frames. I

frames are independently coded without a reference signal from previous

frames. P frames are predictively coded using a I or P reference frame,

and B frames are bi-predictively coded using two I or P reference frames,

one forward and one backward in display order. A high-level illustration

of inter-picture prediction is provided in Figure 1.3. Naturally, I, P, and

B frames achieve progressively higher coding efficiency but also intro-

duce non-trivial error propagation patters and structural dependencies

in the temporal domain. We further note that coding standards further

support predictive coding performed at a lower level than a video frame,

for instance, at the slice level.

3. Motion compensation: Inter-picture prediction uses motion estimation

and motion compensation to find a reference block in the temporal do-

main that provides the “closest” representation of the predicted block

and consequently enables achieving the most efficient coding of the motion-

compensated residual signal. Thus, each P or B frame block is repre-

sented by a motion vector specifying the reference block location and
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Figure 1.3: Inter-picture prediction and motion estimation.

a residual signal as shown in Figure 1.3. Using interpolation, motion

compensation can achieve sub-pixel prediction accuracy. HEVC and

H.264/AVC, for instance, enable quarter-sample motion compensation

accuracy.

4. Intra-picture prediction: Predictive coding within a picture promises sig-

nificant coding efficiency improvements due to the spatially correlated

nature of natural scenes. With intra-picture prediction, each macroblock

can be transmitted in one of several coding types. The prediction is con-

ducted in the spatial domain, by referring to neighboring samples of

previously-coded blocks, that is, each block is predicted from spatially

neighboring samples. Several prediction modes such as horizontal, verti-

cal, direct(DC), or diagonal prediction are typically available. Horizontal

prediction, for example, encodes the block using a horizontally translated
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neighboring block and a residual while DC prediction uses a single value

to predict the entire block obtained by averaging the adjacent samples.

The prediction mode that represents the block most efficiently with the

smallest residual is typically chosen.

5. Transform coding and quantization: Image information is more conve-

niently represented in the frequency domain because it enables compress-

ing the high-frequency coefficients, which contribute less to a picture,

with lower fidelity to improve coding efficiency. Thus, the residual mac-

roblocks are transformed using the discrete cosine transform (DCT) and

quantized according to a quantization parameter (QP). Additive incre-

ments in the QP translate into multiplicative increments in the quanti-

zation step size enabling a large range of adaptability in the compression

rate. Since the quantization step size directly determines the fidelity of

the compressed video sequence, modifying the QP provides a convenient

tool for rate distortion optimization (RDO). Smaller quantization step

sizes result in a higher quality higher rate video and vice versa.

6. Entropy coding: Compression efficiency can be improved after transform

coding by storing frequently used symbols with fewer bits and not-so-

frequently occurring characters with more bits, resulting in fewer bits in

total. Thus, a lossless data compression technique, known as entropy

coding, is applied by replacing each fixed-length input symbol with a

corresponding variable-length output codeword where the length of the
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codeword is determined by its frequency. In the context of video coding,

typically all syntax elements except the quantized transform coefficients

are entropy-coded using a single variable length coding table where the

mapping is customized according to the data statistics. Since the quan-

tized transform coefficients make up the majority of coded video content,

more efficient entropy coding methods are used to encode them by us-

ing multiple variable length coding tables for various syntax elements

optimized to match the corresponding conditioned statistics based on

transmitted syntax elements. The two most popular entropy coding

techniques used in video compression standards are Context-Adaptive

Binary Arithmetic Coding (CABAC) and the alternative lower complex-

ity Context-Adaptive Variable Length Coding (CAVLC).

7. Error concealment: Error concealment is applied in the majority of de-

coders to alleviate the visual perception of a loss or error despite the fact

that it is outside the scope of coding standards (it is entirely a decoder

feature). While several error concealment techniques are available in the

literature (e.g., [6–10]), the central idea is to use reference information

in the video sequence in a way that exploits the underlying redundancy

of natural scenes to hide the lost video slice. For intra coded slices,

spatial reference information is used for concealment and neighboring

reference blocks are inverse weighted according to their proximity to the

lost blocks. For inter coded slices, such as those corresponding to P and

B frames, temporal reference information can be used. The simplest
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approach is frame copy (FC) whereby the lost slice is replaced by the

equivalent slice from a reference frame. If motion vectors are available,

however, more sophisticated motion copy (MC) techniques can applied

by using motion information to better conceal a slice using both spatial

and temporal neighbors.

8. Scalability: Scalability features were introduced in most state-of-the-art

video coding standards starting with the scalable video coding (SVC)

extension of H.264 [11] and is currently being investigated for HEVC [12–

14]. Scalable video coding allows rate scalability at the bitstream level

by generating embedded layered bit-streams that are partially decodable

at different bitrates with degrading quality. The video layers consist of a

base layer and one or more enhancement layers. Enhancement layers are

encoded using inter-layer prediction with a prediction signal from the

base and/or lower enhancement layers. Rate scalability can be achieved

with temporal, spatial, and/or quality scalability. Temporal scalability,

the most basic form of video scalability, provides the ability to restrict

motion-compensated prediction to a certain level of B pictures using the

concept of hierarchical B pictures. Thus, each enhancement layer corre-

sponds to a faster frame rate. Spatial scalability scales the resolution of

the individual video frames with the higher resolution enhancement pre-

dictively coded based on the lower resolution base layer. Finally, quality

scalability comes in many forms, namely coarse-grain scalability (CGS),

medium-grain scalability (MGS), and fine-grain scalability (FGS), all of
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which attempt to scale the fidelity of the encoding of individual pixels.

For instance, CGS quantizes each enhancement layer with a smaller step

size than its parents while MGS splits the DCT coefficients across quality

scalable layers.

The key features of the video encoding process introduce spatial and

temporal dependencies that result in inherently unequal importance of video

slices. For instance, inter-frame coding introduces temporal dependencies be-

tween video frames that incur different error propagation patterns. B frame

losses impose no error propagation effect while I and P have varying error

propagation severity. Inter-layer prediction in the context of scalable coding

uses temporal and spatial prediction signals from the base layers for enhance-

ment layer coding, thus introducing inter-layer dependencies. Furthermore,

motion compensation combined with the non-uniform motion across different

spatial locations causes loss visibility to be unequal among slices and depen-

dent on the error concealment method. Thus, the perceptual response to lossy

compressed video varies depending on the features of the lost packets.

We exploit the structured nature of encoded video content in Chapters

3 and 4 to enable improved video quality and more efficient utilization of

network capacity. The algorithms in Chapter 3 make use of video packet

features through a statistical model to obtain loss visibility estimates and

uses these estimates for PHY layer packet prioritization. The algorithms in

Chapter 4 make use of inter-layer dependencies in a learning-based framework
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to estimate the quality degradation due to losses from individual layers and

provide unequal error protection.

In addition to the effects introduced by the video coding process, the hu-

man visual system perceives distortions in natural scenes differently depending

on factors such as the motion level, motion variance, texture intensity, con-

trast, and distance to scene cuts. The perceptive response to distortions is

well studied in the literature in relation to effects such as visual masking and

contrast sensitivity (e.g. [15–17]). Thus, the unequal nature of encoded video

packets stems both from the human perception of distorted natural scenes as

well as the structured nature of encoded video data.

1.2 Transport Layer: Real-time and Stored Video

Video content can be divided into pre-encoded (or stored) video and

real-time video. With stored video, the raw video is encoded offline and the

coded video sequence is available prior to transmission. With real-time video,

video encoding is performed on-the-fly and the content is not available prior

to transmission. This includes conversational applications such as video chat

and video conferencing as well as live broadcast.

The underlying transport protocol used for video delivery is closely de-

pendent on the use case. Streaming with transmission control protocol (TCP)

is applicable to stored video where the client and server can maintain a large

buffer since the video is pre-encoded. In the context of stored video delivery,

TCP guarantees an intact APP layer video stream with no losses at the expense
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of TCP retransmission overhead. Consequently, the main problem involves op-

portunistically utilizing the variable end-to-end throughput to maximize video

quality and manage the playback buffer. TCP-based video streaming comes in

several forms: The simplest is progressive download whereby the video version

is selected by the client before playback starts and delivered using hypertext

transfer protocol (HTTP) over TCP. The selected version cannot be changed

over time resulting in frequent frame freezes in bandwidth-limited environ-

ments. Furthermore, fast-forward seek or rewind modes are often unavailable.

More sophisticated adaptive HTTP streaming techniques have been investi-

gated [18, 19] and standardized [20]. Adaptive HTTP streaming uses smaller

content segments so that the client can send HTTP requests to switch bit rates.

This also enables a more efficient use of trick modes, such as fast forwarding

or rewinding. The standardization effort of the Dynamic Adaptive Streaming

over HTTP (DASH) protocol, also known as MPEG-DASH, was completed

in 2012. It is intended to support a media-streaming model for delivery of

media content in which control lies exclusively with the client. Clients may

request data using the HTTP protocol from standard web servers that have

no DASH-specific capabilities. The standard focuses on the data formats used

to provide a DASH Media Presentation.

For real-time video applications, such as two-way video conferencing

and live streaming, the video is not pre-encoded. Thus, maintaining a tolerable

end-to-end delay is the main challenge and the overhead of reliable transport

protocols becomes prohibitive. Thus, unreliable transport protocols are used
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Figure 1.4: Key properties of stored and real-time video transport use cases.

such as real-time transport protocol (RTP) or user datagram protocol (UDP)

[21]. A key difference from HTTP adaptive streaming is that the server drives

the adaptation and maintains the session state, including variables such as

network throughput and buffer level, while the client informs the server of

state changes. The UDP-based framework enables low-latency low-overhead

multimedia transmission. Since the server controls the source rate, it can

perform rate matching and regulate the buffer size to avoid buffer underflow

and overflow. These key properties of stored and real-time video transport are

summarized in Figure 1.4.

A key observation is that the transport protocol has implications on

the type of distortions observed in a video streaming environment. For TCP-

based transport of stored video, video packets are delivered reliably. Thus,

channel-induced distortions are unlikely to be visible at the APP layer. In

this context, the focus of optimizing video transmission should involve source

rate adaptation for high video quality and buffer management policies to avoid

frequent rebuffering. For UDP-based transport of real time video, channel-
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induced impairments due to losses and delays are likely to be visible at the

APP layer. Based on this observation, the packet prioritization techniques

presented in Chapter 3 and the unequal error protection techniques presented

in Chapter 4 to mitigate packet losses are mainly targeted at real-time video

streaming. Similarly, the QoS provisioning mechanisms presented in Chapter

2 to mitigate excessive packet delays also targets real-time video with low

latency requirements.

1.3 Link Layer: Video Users with Differentiated QoS

The link layer handles channel access mechanisms for multiple users to

communicate in a shared access medium among other functions. Since mul-

tiple users share the communication medium, functionality such as resource

allocation, scheduling, and user admission are handled at this protocol layer.

The objective of these functions is to ensure all users can use the communica-

tion channel while maintaining a target QoS. QoS provisioning can encompass

several broad aspects of a connection such as throughput, delay, loss, blocking

probability, etc. For real-time video streaming whereby large buffers are not

feasible, end-to-end delay and loss are key metrics of interest. A large end-to-

end delay causes video packets to exceed the deadline for display at the client

and frequent losses cannot be recovered by transport protocols.

While the real-time nature of video transmission requires maintaining

stringent delay bounds to ensure a good user experience, the stringency of

the delay bound is further dependent on the specific use case. For instance,
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interactive applications such as video conferencing can only tolerate an end-

to-end delay in the order of few hundred milliseconds for a smooth experience

whereas with live streaming, the delay constraint can be relaxed to few seconds.

Since the bottleneck in the end-to-end network delay is queuing, users with

more stringent delay constraints should be allocated more physical resources

to boost their service rates, reduce the queuing delay, and thus support their

QoS requirement. This provides a strong motivation for re-designing resource

allocation at the link layer taking into account differentiated QoS requirements

in the network.

Beneath the link layer, the underlying wireless channel is traditionally

modeled using physical layer channel models. Physical layer channel models

provide an estimate of the physical layer performance of wireless communi-

cations systems, e.g., symbol error rate versus signal-to-noise ratio (SNR),

and thus have been extremely successful in wireless transmitter/receiver de-

sign. To handle increasingly diverse packet-switched multimedia traffic, from

a link-layer design viewpoint, QoS management requires queueing analysis of

the link. Thus, these physical layer channel models cannot be easily translated

into complex link-layer QoS guarantees for a connection, such as bounds on

delay because analysis of the queueing behavior of the connection is hard to

extract from physical layer models. Thus, they cannot be directly used for

QoS support mechanisms, such as admission control and resource reservation.

Link layer models that model a wireless channel in terms of connection-

level QoS metric such as data rate, delay, and delay violation probability have
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been proposed in the literature. The most well known link layer models are

based on the well developed theory of effective bandwidth [22–24] and its dual

concept of effective capacity [25–27]. Since deterministic delay bounds are

prohibitively expensive to guarantee over wireless networks [25], the effective

capacity (EC) link layer model provides a realistic and accurate QoS model

by using statistical guarantees in terms of the delay-bound violation probabil-

ity. It captures a generalized link-level capacity notion of the fading channel

by characterizing wireless channels in terms of functions that can be easily

mapped to link-level QoS metrics. We use the theory of effective capacity in

Chapter 2 to ensure that video users maintain their target delay constraint

through rate adaptation and multiuser resource allocation. Furthermore, we

develop scheduling and user admission policies to regulate channel access based

on the delay QoS requirements of multiple users sharing a wireless channel.

1.4 Physical Layer: Wireless Channel Impact on Video

Wireless channels are inherently unreliable due to impairments such as

multipath fading, inter-symbol interference, and receiver noise. Techniques

including channel coding, interleaving, receive diversity, beamforming, space-

time coding, and orthogonal frequency division multiplexing (OFDM) are used

to improve the reliability of the wireless channel in the presence of these im-

pairments. Furthermore, these techniques are an integral part of state-of-the-

art wireless standards such as 3GPP Long Term Evolution (LTE) and IEEE

802.11n, which deliver the bulk of stored and real-time video traffic. While very
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successful in improving wireless channel reliability, all these methods are data-

agnostic. As currently designed, they are not optimized to take into account

the inherent video data structure and the corresponding temporal/spatial de-

pendencies highlighted in Section 1.1. Since video quality is the metric of

interest from the user perspective, transmission policies should be designed to

minimize the impact of the wireless channel impairments on video quality.

Optimizing physical layer transmission policies for video transmission is

particularly of interest for UDP-based video delivery. For this use case, as ar-

gued in Section 1.2, the wireless channel impairments such as losses and delays

are visible at the APP layer. Consequently, achieving good overall video qual-

ity for real-time video requires mitigating channel-induced distortions. Figure

1.5 shows examples of potential optimizations to well-known physical layer

transmission techniques to minimize the impact of channel-induced distor-

tions on video quality. Channel coding, for instance, can be optimized to
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provide UEP for unequally important video frames, slices, and/or packets.

Power allocation in the time or frequency domain can be optimized to provide

higher reliability taking into account video packet dependencies. Multiple-

input-multiple-output (MIMO) techniques such as precoding or beamforming

can also be optimized for video transmission leveraging the unequal gains of

MIMO subchannels. We propose a framework to optimize these techniques in

Chapters 3 and 4, making use of the video data structure, to introduce error

resilience and improve the end video quality.

From the APP layer perspective, the video quality perceived by the

end-user in a video streaming environment is impacted by two major sources

of distortion: source distortion due to lossy compression and channel distortion

due to channel-induced impairments such as packet losses, errors, and delays

[5],[28]. There is an inherent tradeoff between these two types of distortions in

the context of a rate-adaptive codec which enables source rate adaptation and

a link-adaptive transmission medium which enables transmission rate adap-

tation. For a given transmission rate, improving reliability through channel

coding comes at the expense of reducing source rate. Similarly, for a fixed

channel code design, increasing the modulation order to support higher source

rates reduces error resilience. We capture these tradeoffs in Chapters 3 and

4 to improve performance by jointly optimizing the video server and the base

station transmission parameters. In Chapter 3, we jointly optimize the source

rate along with MIMO mode selection to maximize the perceptual value of

delivered video packets per unit time. In Chapter 4, we jointly select scal-
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able video layers and adapt modulation and coding scheme (MCS) selection

to minimize the impact of packet losses on video quality.

1.5 Thesis Statement

The structured nature of compressed video data enables perceptually-

optimized transmission at different protocol layers to improve video quality

and capacity.

1.6 Overview of Contributions

This dissertation proposes a family of algorithms that enable percep-

tual video quality optimization for individual video streams and across video

users. We further capture both real-time and stored video delivery in different

contributions. For the contributions applicable to real-time video delivery, the

focus is on optimizing loss visibility, addressing delay issues, and proposing

online adaptation approaches suitable for real-time encoding and transcoding.

For those applicable to stored video delivery, the focus is on addressing source

rate adaptation, buffer management policies, and link adaptation. Across the

various contributions, a common theme of the proposed algorithms is adapting

the video source and the wireless transmission medium exploiting the video

data structure and the wireless channel variability to improve video quality and

capacity. The contributions of this dissertation are summarized as follows.
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1. Network-level Perceptual Optimization for Real-time Video [29, 30]

(a) Quality-driven resource allocation and rate adaptation: The first major

contribution is deriving a resource allocation policy that jointly adapts

the wireless channel resource partitioning across users and the video

source rate per user to optimize a video quality-based utility function

given a real time delay constraint per user. The setup captures multiple

video users with possibly different delay requirements sharing a wireless

channel resource and statistical delay bounds are provided for each user

using the theory of effective capacity. We show that the optimal oper-

ating point per user is such that the rate-distortion slope is the inverse

of the supported video source rate per unit bandwidth. The maximum

source rate per unit bandwidth is a fundamental measure of the num-

ber of video bits per channel use that can be delivered subject to the

QoS requirement and we refer to it as the source spectral efficiency. We

also solve the alternative problem of fairness-based resource allocation

whereby the objective is to maximize the minimum video quality across

users and contrast the solution with the sum quality maximizing policy.

(b) Maximal user subset scheduling: The second major contribution is deriv-

ing a scheduling policy to select a maximal subset of users such that all

scheduled users can meet their statistical delay requirement. We show

that the optimal scheduling policy can be obtained in polynomial time

in the number of users and it involves computing the minimum resource
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allocation required by each user to support their QoS requirement, using

it as a sorting criterion, and scheduling the first sorted users such that

the sum of their minimum resource requirement does not exceed the total

available resources. Under the fairness constraint, a similar solution is

obtained with the major difference that the sorting criterion is the video

quality corresponding to the minimum source rate representation.

(c) User admission: The third major contribution is solving the user admis-

sion problem whereby a new video user requests a session with a certain

target QoS requirement. We derive the admission policy that ensures

the admitted user can meet his statistical delay constraint without jeop-

ardizing any of the other users’ QoS requirements. The user admission

policy is derived under both sum quality-maximizing resource allocation

as well as fairness-based resource allocation and it depends on the mini-

mum rate representation available for the video sequences corresponding

to each user as well as the QoS requirements of each user.

2. User-level Perceptual Optimization for Non-scalable Video [31–33]

(a) Low overhead video-aware PHY optimization: The first major contri-

bution is proposing a new architecture for real-time video transmission

to mitigate channel-induced video distortions. Our approach proposes

using quantized loss visibility scores embedded in the packet header at

the expense of only few extra bits per packet while avoiding a complex

cross-layer design. Moreover, since real-time video only supports small
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buffers, buffered packet values are not fully representative of the loss vis-

ibility variability. Thus, we propose to inexpensively estimate the loss

visibility distribution to capture this variability and provide a notion of

relative packet importance.

(b) Packet prioritization for high quality and low latency: The second major

contribution is proposing a packet prioritization policy that uses loss

visibility values to classify video packets into different priority classes.

To optimize the loss visibility-based transmission policy for high video

quality and low latency, we define an optimization metric that generalizes

the conventional notion of throughput by weighting each packet by its

loss visibility. Since loss visibility reflects the visual perception of a

corresponding packet loss, our optimization metric is a proxy for the

total perceptual value of packets successfully delivered per unit time. We

emphasize that the proposed metric is used for optimization rather than

evaluation of the algorithm. For assessment of video quality gains, we

use objective video quality metrics.

(c) Loss visibility optimized MIMO precoding: The third major contribution

is applying the packet prioritization policy to a MIMO system so that

each class of packets is transmitted through a different spatial stream

corresponding to a decomposed subchannel of the MIMO channel. We

derive the optimal packet-stream mapping that maximizes the loss visi-

bility weighted throughput objective. The solution can be summarized
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as follows: (1) The MIMO channel is decomposed into parallel streams,

(2) the per-stream transmission rate, i.e. modulation order, is chosen

to maximize the corresponding throughput per stream, (3) the spatial

streams are ordered by their probability of packet error, a function of

both the per-stream SNRs and (potentially unequal) modulation orders,

(4) the packets are classified according to a thresholding policy whereby

higher priority packets are mapped to high order streams as defined by

the ordering in 3. The optimal thresholding policy is such that the load is

balanced across streams based on the fraction of packet per priority class,

the modulation order per stream, and the retransmission overhead. We

show that the solution enables jointly reaping gains in terms of improved

video quality and lower latency: A packet prioritization gain results from

transmission of more relevant packets over more reliable streams and an

unequal modulation gain results from opportunistically increasing the

transmission rate on the stronger streams to enable low latency delivery

of high priority packets.

(d) Mode adaptation and limited feedback: The fourth major contribution

is extending the Algorithm to adapt the MIMO mode corresponding to

the number of spatial streams in a manner that jointly captures video

quality and throughput maximization. If the loss visibility distribution

characterizes a source with high variability, a higher mode is preferable

to provide prioritized delivery by adding more packets classes under good

channel conditions. Conversely, if the variability in packet importance is
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low, then the contribution of packet prioritization is minimal and reliable

delivery with a smaller number of spatial streams may be preferred.

Thus, our proposed approach adapts mode selection according to both

the video source and channel conditions. We also extend our Algorithm

to codebook-based limited feedback systems where the channel state

information is quantized at the receiver and fed back to the transmitter.

3. User-level Perceptual Optimization for Scalable Video [34–36]

(a) Generic APP/MAC/PHY cross-layer design: The first major contribu-

tion is proposing a generic cross-layer design for adaptive scalable video

transmission that enables slow timescale source rate adaptation and fast

timescale link adaptation in a video-aware manner. Previous work on

joint APP/PHY layer designs for multimedia streaming assumes that the

APP and PHY layer decisions are performed at the same timescale. This

is typically limiting because: (1) the smallest practical timescale for video

source adaptation is one frame or one GoP which typically spans multiple

channel coherence times, and (2) the temporal variation of natural video

signals is slower than the channel state variation for wireless/mobile envi-

ronments. In this dissertation, while the PHY layer adaptation timescale

depends solely on the channel coherence time, it still makes use of ap-

plication layer side information to provide video-aware decisions at the

PHY layer. Conversely, the APP layer uses aggregated channel statis-

tics to make foresighted decisions at a longer timescale. Furthermore,
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the proposed framework can be executed in a decentralized fashion at

each layer separately and requires minimal cross-layer overhead.

(b) Perceptually-optimized unequal error protection: The second major con-

tribution is proposing a new UEP approach that provides a system-level

perceptual quality guarantee irrespective of the short-term channel fluc-

tuations. We propose an online QoS-to-QoE mapping technique that es-

timates the visibility of losses from each video layer adaptively over time

using the ACK history. Based on the proposed QoS-to-QoE mapping, we

develop a link adaptation algorithm that provides unequal error protec-

tion for each video layer. We show that the proposed unequal protection

levels provide a lower bound guarantee on the achievable average video

quality. The unequal protection levels are used along with the channel

state information (CSI) to select the MCS at the packet level. In com-

parison to throughput-optimal adaptation, the proposed UEP technique

demonstrates significant gains by making better use of the link capacity

resulting in bitrate reductions and quality improvements.

(c) Channel-aware and buffer-aware source adaptation: The third major

contribution is proposing an algorithm to select video layers to trans-

mit to maximize the long-term video quality subject to playback buffer

constraints. For a temporal- and quality-scalable H.264 compressed bit-

stream, we estimate the transmission time per video layer based on the

channel statistics and use that to select the set of video layers that can
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accommodated without incurring playback buffer starvation. The pro-

posed algorithm regulates the playback buffer size and can optimize the

tradeoff between video quality and the mean playback buffer size.

1.7 Organization

The reminder of this dissertation is organized as follows. In Chapter 2,

we propose resource allocation and scheduling algorithms for network-level per-

ceptual quality optimization across multiple real-time delay-constrained video

users. In Chapter 3, we propose adaptive transmission policies for perceptual

optimization of non-scalable video using loss visibility side information. In

Chapter 3, we propose unequal error protection and buffer management poli-

cies for perceptual optimization of scalable video. Finally, in Chapter 5, we

conclude with a summary of the results and suggestions for future work.
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Chapter 2

Network-level Perceptual Optimization for

Real-time Video Transmission

This chapter proposes resource allocation, scheduling, and user admis-

sion algorithms for maximizing network-level video quality-based utility func-

tions under real-time delay constraints. We develop statistical QoS provision-

ing mechanisms based on the theory of effective capacity to mitigate excessive

packet delays. The resource allocation algorithm partitions wireless channel

resources across real-time video users with hybrid QoS requirements to maxi-

mize a video quality-based utility function. The scheduling and user admission

policies regulate channel access to maximize the number of served users that

meet their QoS requirements and ensure that newly admitted users do not

jeopardize the QoS requirements of existing users.

2.1 Introduction

Real-time video transmission requires maintaining stringent delay bounds

to ensure a good user experience. The stringency of the delay bound is fur-

ther dependent on the specific use case. For instance, interactive applications

such as video conferencing can only tolerate an end-to-end delay on the or-
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der of few hundred milliseconds for a smooth experience whereas with live

streaming, the delay constraint can be relaxed to few seconds. In bandwidth-

limited networks with shared resources, the bottleneck in the end-to-end delay

is queuing. Thus, users with more stringent delay constraints should be allo-

cated more physical resources to boost their service rates, reduce the queuing

delay, and thus support their QoS requirement. This provides a strong mo-

tivation for re-designing resource allocation taking into account hybrid QoS

requirements in the network.

Deterministic delay bounds are hard to guarantee over wireless net-

works due to changing channel conditions [25]. Therefore, to provide a realistic

and accurate model for quality of service, we consider statistical guarantees as

a design guideline by defining constraints in terms of the delay-bound violation

probability. The notion of statistical QoS is tied back to the well developed

theory of effective bandwidth [22–24] and its dual concept of effective capacity

[25–27].

Satisfying delay constraints should not come at the expense of maintain-

ing high perceptual quality. Therefore, we derive a resource allocation policy

that maximizes a quality-based utility such that all users in the network can

achieve their target statistical delay bound. We consider two different utility

functions: the sum video quality and the minimum video quality in the net-

work. The only assumption about the quality metric is that the rate-quality

mapping is concave which is generally the case because practical video codecs

achieve diminishing returns in quality as the source rate increases. For the
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general case where the set of users in the network cannot all be served, we

solve the problem of selecting a maximal subset of users to schedule such that

each scheduled user can meet their target QoS requirement.

2.1.1 Contributions

The central contribution of this chapter in comparison to previous work

is that it addresses the problem of partitioning the wireless channel resources

across real-time video users with hybrid QoS requirements to maximize a video

quality-based utility function. Previous work on delay-constrained video trans-

mission, instead, addresses maximizing rate or throughput [37–39], minimizing

energy consumption [40, 41], or minimizing resource utilization [41, 42], all of

which are not directly relevant metrics for the end video quality. Furthermore,

a significant body of literature [37–42] is devoted to point-to-point transmis-

sion with resource allocation across different time slots or for different video

layers, thus not taking into account hybrid QoS requirements across differ-

ent users. On the other hand, previous work which directly optimizes video

quality utility functions across different users is either focused on stored video

in which content can be buffered ahead opportunistically and large delays

can be tolerated [43, 44] or considers real-time video with deterministic delay

constraints [45], thus not being applicable to communication over fast fading

channels. Specifically, this chapter addresses these issues by answering the

following three questions:

1. Resource Allocation: Given a set of users with specified delay bounds,
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target violation probabilities, and rate distortion characteristics, how to

allocate resources across the users and adapt source rates to maximize a

video quality-based utility function?

2. Scheduling: If not all users can meet their delay constraint simultane-

ously, how to find the subset of users with the largest cardinality such

that all scheduled users can meet their statistical delay bound?

3. User Admission: Given a network in operation and a new video user

requesting a session, what is the user admission criterion such that the

user can meet his QoS requirement without jeopardizing the QoS of

existing users?

In what follows, we summarize the major chapter contributions on these

three fronts.

2.1.1.1 Quality-driven resource allocation and rate adaptation

Considering a network with multiple video users with possibly different

delay requirements sharing a wireless channel resource, we derive the resource

allocation and rate adaptation policy that maximizes the sum video quality.

Resource allocation adapts the partitioning of the wireless channel resources

across the users and rate adaptation adapts the video source rate of each

user. We show that the optimal operating point per user is such that the

rate-distortion slope is the inverse of the supported video source rate per unit

bandwidth. The maximum source rate per unit bandwidth is a fundamental
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measure of the number of video bits per channel use that can be delivered sub-

ject to the QoS requirement and we refer to it as the source spectral efficiency.

Next, we solve the alternative problem of fairness-based resource allocation

whereby the objective is to maximize the minimum video quality across users

and contrast the solution with the sum quality maximizing policy.

2.1.1.2 Maximal user subset scheduling

The next major contribution is deriving a scheduling policy to select a

subset of users such that all scheduled users can meet their statistical delay

requirement. We show that the optimal scheduling policy can be obtained in

polynomial time in the number of users and it involves computing the minimum

resource allocation required by each user to support their QoS requirement,

using it as a sorting criterion, and scheduling the first sorted users such that the

sum of their minimum resource requirement does not exceed the total available

resources. Under the fairness constraint, a similar solution is obtained with the

major difference that the sorting criterion is the video quality corresponding

to the minimum rate representation of the video sequence.

2.1.1.3 User admission

Finally, we consider the user admission problem whereby a new video

user requests a session with a certain target QoS requirement. We derive the

admission policy that ensures the admitted user can meet his statistical delay

constraint without jeopardizing any of the other users’ QoS requirements. The
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user admission policy is derived under both sum quality-maximizing resource

allocation as well as fairness-based resource allocation and it depends on the

minimum rate representation available for the video sequences corresponding

to each user as well as the QoS requirements of each user.

2.1.2 Related Work

The effective capacity link layer model characterizes the capacity of

the wireless channels in the presence of queues using QoS exponents that de-

scribe the decay rate of the queue length tail probability and characterize a

corresponding statistical delay bound. For scalable video transmission, effec-

tive capacity analysis is applied in [42] to provide statistical delay bounds

for scalable video transmission over unicast and multicast links. Consider-

ing energy-efficiency as a target objective in an ad-hoc network with possi-

ble multihop transmissions, [40] derives energy-efficient transmission schemes

such that the end-to-end delay bounds are satisfied. Power and rate adapta-

tion with effective capacity-driven quality of service provisions is considered

in [37]. While addressing statistical delay bounds for video transmission, no

previous work directly optimizes video quality, but instead minimizes resource

utilization [41, 42], maximizes rate or throughput [37–39], or minimizes energy

consumption [40, 41].

Multiuser scheduling and resource allocation for video transmission has

been studied in [43, 46–49]. In [43], the knowledge of the variations in the de-

pendence of perceived video quality to the compression rate is utilized for
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resource allocation to improve video QoE across multiple users. Accounting

for users’ QoE variability in this manner allows adapting resource allocation in

a content-aware manner. An asymptotically optimal online algorithm for opti-

mizing users QoE is proposed that allows realizing tradeoffs across mean QoE,

variance in QoE, and fairness. This work applies for stored video streaming as

it assumes reliable transport and large buffer-ahead which enables tolerating

large delays. In [46], a cross-layer packet scheduling scheme that streams pre-

encoded video over wireless downlink packet access networks to multiple users

is presented. A scheduling scheme is used in which data rates are dynamically

adjusted based on channel quality as well as the gradients of a video qual-

ity utility function. In addition to video distortion, the design of the utility

function takes into account decoder error concealment. In [47], the problem of

multiuser resource allocation for uplink OFDMA is studied taking into account

the rate-distortion characteristics of different users. A subcarrier assignment

and power allocation algorithm is devised to minimize the average video distor-

tion among users in the system based on the CSI and rate-distortion. In [48], a

cross-layer resource allocation and packet scheduling scheme is developed tak-

ing into account the time-varying nature of the wireless channels to minimize

the expected distortion of the received sequence. Complex error concealment

is taken into account in estimating video distortion and the gradients of the

distortion are used to efficiently allocate resources across users. In [49], the

problem of scheduling and resource allocation for multiuser video streaming

over downlink OFDM channels is addressed for SVC with quality and tempo-
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ral scalability. A scheduling algorithm prioritizes the transmissions of different

users by considering video contents, deadline requirements, and transmission

history.

A significant body of literature is devoted to point-to-point optimiza-

tions applied to real-time video transmission. Such adaptive video transmis-

sion techniques can be roughly categorized into joint source-channel coding

(JSCC) [36, 50–52], unequal error protection (UEP) [34–36, 53, 54], prioritized

scheduling [55], and loss visibility-based prioritization [32, 33, 56]. While these

point-to-point optimizations are useful for improving video quality and error

resilience for individual video streams, they don’t capture hybrid user dynam-

ics in terms of rate-distortion behavior and differentiated QoS requirements

which is a key focus of this dissertation.

Previous work on video transmission in a multiuser setup focuses on

stored video use cases (e.g. [43, 46–48]) in which content can be buffered

ahead opportunistically and large delays can be tolerated. In that scenario,

the problem reduces to rate-distortion optimizations and buffer management

policies. For real-time video, however, such as live streaming or video confer-

encing, whereby the content in not pre-encoded, large buffers are not feasible

and stringent delay constraints need to be guaranteed. For that important use

case, no previous work addresses the problem of optimizing a video quality-

based utility function while guaranteeing a statistical delay bound per user.
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2.1.3 Organization

The remainder of the Chapter is organized as follows. Section 2.2 de-

scribes the system model. Section 2.3 describes the framework for delay-based

QoS provisioning using the theory of effective capacity. Section 2.4 solves the

problem of quality-driven resource allocation and rate adaptation under statis-

tical delay constraints. Section 2.5 solves the problem of multiuser scheduling

and user admission given the users’ QoS requirements. Section 2.6 presents

the joint resource and scheduling algorithm. Section 2.7 presents results and

analysis to validate the gains from quality-driven QoS-aware scheduling and

resource allocation. Finally, Section 2.8 summarizes the chapter and Section

2.9 provides the proofs of the key results.

2.2 System Model

Consider the downlink of a base station where K video users orthogo-

nally share a bandwidth B Hz. Each user k is allocated a bandwidth Bk Hz

such that
∑K

k=1Bk = B. The individual user bandwidths are assumed nar-

rowband so that the corresponding wireless channel experiences flat fading.

We note that in a wideband system, with orthogonal frequency division mul-

tiple access (OFDMA), this assumption can be ensured by allocating adjacent

subcarriers to individual users.

The channel coherence time is T . Further, the timescale of video rate

adaptation is much larger than T . This is typically the case in practice be-

cause the rate of the video source is adapted at the GoP timescale which is
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Figure 2.1: Proposed system block diagram for quality-driven resource alloca-
tion applied to delay-constrained video transmission.

typically on order of a second. The channel variation is assumed to be in the

milliseconds timescale. For slow fading channels whereby the channel varies at

the same timescale as the source, statistical delay guarantees are not needed

since the service rate is almost deterministic. Thus, the challenging case of

interest is when the channel state variation is considerably faster the source

rate variation.

Since resource allocation and rate adaptation are done at the source

variation timescale and the video source experiences the ergodic capacity of

the channel, the base station (BS) or access point (AP) only require channel

distribution information (CDI). Let fk(γ) represent the SNR distribution for

user k. Moreover, {γk} is modeled as an ergodic and stationary block-fading

process uncorrelated among consecutive packets j. We assume that each user

experiences Gaussian noise such that, with capacity-achieving codes, the in-

stantaneous transmission rate for user k is Ck = Bk log(1 + γk).

The video segment intended for user k is transmitted at a constant
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rate Rk. A queue is inserted for each user stream to absorb the mismatch

between the arrival and service rate due to the channel variations. The video

stream for each user k is characterized by a rate distortion model Qk(Rk) that

determines the mapping from the source rate to the video perceptual quality.

We focus on optimizing the average video quality over time as opposed to

optimization of temporal variations of video quality. Thus, it is sufficient to

consider a fixed rate-quality mapping function Qk(.) averaged over time. The

rate-quality mapping function Qk(.) is concave and continuous. In practice,

rate distortion curves corresponding to practical video codecs always follow

this concave behavior because diminishing returns in quality are achieved as

the rate increases.

The corresponding system block diagram is shown in Figure 2.1. The

three major per-user dynamics are: (1) rate-distortion characteristics Qk(Rk),

(2) channel statistics fk(γ), and (3) delay QoS requirements {Dk,th, Pk,th}. We

focus on resource allocation and rate adaptation for users served by a single

cell. We note, however, that the results in the dissertation apply to a system

with other-cell interference if the interference is treated as noise where fk(γ)

then represents the distribution of the signal to noise and interference ratio

(SINR).

2.3 Statistical Delay Bounds

In this section, we describe the procedure for providing delay guarantees

by characterizing link-level QoS metrics according to the effective capacity link
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layer model.

2.3.1 Queuing Model for Video Transmission

A separate queue is maintained for each video stream at the base sta-

tion. Given the SNR distribution fk(γ) for each user, the objective is to adapt

the source rates Rk and the bandwidth allocation Bk such that the following

QoS constraint is satisfied

Pr
{
Dk > Dth

k

}
≤ P th

k ∀ k (2.1)

where Dk is the queuing and transmission delay for user k video stream, Dth
k

is the statistical delay-bound, and P th
k is the target delay-bound violation

probability.

The behavior of the queue-length process in queuing-based communi-

cation networks is extensively treated in [57]. For an ergodic and stationary

arrival and service processes, the queue length at time t of each queue can be

bounded exponentially using the theory of large deviation as t → ∞

Pr
{
lk(t) > lthk

} .
= e−θkl

th
k 1 ≤ k ≤ K (2.2)

where lk is the queue length at queue k and lthk is the queue-length threshold.

The parameter θk, termed the QoS exponent, determines the decay rate and is

used to characterize delay. More stringent QoS requirements are characterized

by larger θk while looser QoS requirements require smaller θk.
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We note that (2.2) is applicable for relatively large queue lengths. Typ-

ical real-time video transmission parameters, however, meet this criterion. We

consider end-to-end delay bounds in the order of 300 ms for interactive video

and source rates in the order of 1 Mbps. Thus, by Little’s law, the typical

average queue length is 0.3 Mbits which makes the assumption reasonable.

2.3.2 Effective Capacity for Statistical Delay Bounds

In the context of real-time video transmission, the delay/queue length

constraint in (2.1) and (2.2) translates into a constraint on the maximum video

source rate that could be supported under the target delay. The source rate

then translates into an achievable video quality according to the rate-quality

mapping. We next show how the theory of effective capacity can be used to

derive a corresponding maximum source rate subject to the delay constraint.

The effective capacity (EC) channel model captures a generalized link-

level capacity notion of the fading channel by characterizing wireless channels

in terms of functions that can be easily mapped to link-level QoS metrics,

such as delay-bound violation probability. Thus, it is a convenient tool for

designing QoS provisioning mechanisms [25], [42].

We denote by Ck(θk) and Ak(θk) the effective capacity and effective

bandwidth functions, respectively, for the kth user. Given an arrival process

{Ak}, its effective bandwidth, denoted by Ak(θk) (bits/GoP), is defined as the

minimum constant service rate required to guarantee a specified QoS exponent

θk. In contrast, for a given service process {Ck}, its effective capacity, denoted
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by Ck(θk) (bits/GoP), is defined as the maximum constant arrival rate which

can be supported by {Ck} subject to the specified QoS exponent θk.

The effective capacity can be thought of as the capacity of the un-

derlying channel from the perspective of upper protocol layers. The effective

capacity theory states that considering the delay as the performance metric

instead of the queue length in (2.2), the QoS guarantee can be written equiv-

alently as a function of the effective capacity as follows

Pr
{
Dk(t) > Dth

k

} .
= e−θkCk(θk)D

th
k 1 ≤ k ≤ K. (2.3)

Moreover, for a stationary and ergodic service process {Ck} that is uncorre-

lated across time frames, the effective capacity can be expressed as [37]

Ck(θk) = − 1

θk
ln
(
Eγ{e−θkCk}

)
= − 1

θk
ln
(
Eγ{e−θkBkT log(1+γk)}

)
· (2.4)

To provide the QoS guarantee θk for user k, the effective capacity on the kth

link should be equal to the effective bandwidth [23, 42, 58], i.e.,

Ck(θk) = Ak(θk) ∀k = 1, · · · , K.

We consider a constant source rate Rk within a channel coherence time T .

A constant source rate within the duration of a channel coherence time (i.e.,

milliseconds) is a reasonable assumption because typical source rate adaptation
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mechanisms operate at the timescale of video segments at the order of several

seconds. Thus, the source rate is adapted at a much larger timescale that the

channel transmission rate resulting in an approximately constant source rate

seen by each channel realization.

The effective bandwidth for the constant arrival process is Ak(θk) =

RkT . Thus, for the QoS constraint in (2.1) to be satisfied, we need to ensure

that Ck(θk) ≥ C̄k = RkT . The QoS constraint reduces to

Rk ≤ − 1

Tθk
ln
(
Eγ{e−θkBkT log(1+γk)}

)
.

Furthermore, we can find θk by solving Ck(θk) = RkT using (2.3) as follows

θk =
ln(1/P th

k )

TRkDth
k

. (2.5)

2.4 Quality-driven Resource Allocation and Rate Adap-
tation

In this section, we formulate and solve the problem of resource alloca-

tion and rate adaptation for maximizing the sum video quality across users

subject to the statistical delay constraint.

2.4.1 Sum Quality-Maximizing Policy

The problem of optimizing the source rate vector R = {Rk}Kk=1 and the

bandwidth allocation vector B = {Bk}Kk=1 to maximize the sum video quality
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subject to a statistical delay constraint per user is formulated as follows

maxR,B

K∑
k=1

Qk(Rk)

s.t.
K∑
k=1

Bk = B (2.6)

Pr
{
Dk > Dth

k

}
≤ P th

k ∀ k (2.7)

Bk ≥ 0 ∀ k (2.8)

where R is the source rate vector and B is the bandwidth allocation vector.

Table 1 presents the notation commonly used throughout this chapter.

Using the theory of effective capacity, Lemma 1 provides the maxi-

mal video source rate supported by each user subject to the statistical delay

constraint.

Lemma 1. For a given bandwidth allocation vector B and set of QoS exponents

θ, the optimal source rate vector is

R∗
k(Bk, θk) = − 1

Tθk
ln
(
Eγ{e−θkBkT log(1+γk)}

)
= − 1

Tθk
ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
)
.

Proof. See Appendix 2.9.1.

Since the QoS exponent in (2.5) is also a function of the source rate

which in turn is a function of the bandwidth allocation, it cannot be computed
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beforehand. Thus, we compute θk jointly with Bk as part of the optimization

problem. The following Lemma re-writes the delay constraint in terms of

the QoS exponent and the bandwidth allocation using the effective capacity

expression for an uncorrelated channel.

Lemma 2. The statistical delay constraint (4.14) can be written equivalently

as

Eγ

{
(1 + γk)

− θkBkT

ln(2)

}
= pk

where pk = P th
k

1/Dth
k . Furthermore, the solution to the problem requires that

θ∗k = dk/B
∗
k where the bandwidth-QoS exponent product dk is a constant de-

pendent only on the channel distribution information and the delay constraint.

Table 2.1: Chapter 2 commonly used notation
Video source / QoS metrics

Dth
k User k delay constraint

P th
k User k delay constraint violation probability
θk User k QoS exponent
Rk User k source rate
Rmin

k Minimum rate representation available for user k
Qk(Rk) Rate-quality mapping for user k

dk Bandwidth-QoS exponent product

Wireless channel / System
K Number of video users in the system
Bk Bandwidth allocated to user k
B Sum bandwidth constraint

Ck(θk) Effective capacity of user k’s channel
fk(γ) Fading distribution for user k
T Channel coherence time

Rk/Bk Source spectral efficiency for user k
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Proof. See Appendix 2.9.2.

Applying Lemma 1 and Lemma 2, we rewrite the resource allocation

problem equivalently as follows

minB,θ −
K∑
k=1

Qk

(
− 1

Tθk
ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
))

s.t.
K∑
k=1

Bk = B (2.9)

Eγ

{
(1 + γk)

− θkBkT

ln(2)

}
= pk ∀ k (2.10)

Bk ≥ 0 ∀ k. (2.11)

First, we prove the convexity of the problem above both in B and θ in Lemma

3.

Lemma 3. The problem is convex in B and θ. Furthermore, a feasible point

always exists if Qk(Rk) is defined for every Rk ≥ 0.

Proof. See Appendix 2.9.3.

Theorem 1 provides the optimal resource allocation solution by showing

that the optimal operating point per user is such that the rate-distortion slope

is the inverse of the supported video source rate per unit bandwidth. The

maximum source rate per unit bandwidth is a fundamental measure of the

number of video bits per channel use that can be delivered subject to the QoS

requirement which we refer to as the source spectral efficiency.
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Theorem 1. Sum Quality-Maximizing Resource Allocation: The op-

timal bandwidth allocation Bk and source rate Rk for each user k is such that

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)︸ ︷︷ ︸

Rate distortion slope

× R∗
k(B

∗
k, θ

∗
k)

B∗
k︸ ︷︷ ︸

Source spectral efficiency

= ρ

where R∗
k(Bk, θk) = − 1

Tθk
ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
)
and ρ is a constant chosen

such that
∑K

k=1 Bk = B. Further, R∗
k(Bk, θ

∗
k)/Bk is independent of Bk and is

only a function of the fading distribution fk(γ), the delay bound Dth
k , and the

delay bound violation probability P th
k .

Proof. See Appendix 2.9.4.

We refer to the term R∗
k(B

∗
k, θ

∗
k)/B

∗
k as the source spectral efficiency as

it represents the number of video bits that can be delivered per channel use

subject to the QoS constraint. The interpretation of the above result is that

the optimal resource allocation is such that the slope of the rate distortion

curve multiplied by the source spectral efficiency is the same for all users.

Furthermore, that constant determined by ρ∗ is computed such that the sum

bandwidth constraint is satisfied with equality. Note that as ρ decreases,

B∗
k increases for all k and vice versa, thus reducing the problem into a one-

dimensional root-finding problem involving solving for
∑

B∗
k(ρ)

−B = 0 to find

ρ. We make the following observations about the result obtained in Theorem

1:
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1. The source spectral efficiency jointly characterizes the channel

and the QoS requirement: The source spectral efficiency R∗
k(Bk)/Bk

is independent of the resource allocation Bk. It is only a function of

the channel statistics, the delay bound, and the delay bound violation

probability. Specifically, R∗
k(Bk)/Bk = ln

(
1/P th

k

)
/Dth

k Tdk.

2. The resource allocation policy is source spectral efficiency-optimal:

The optimal solution to the quality-maximizing problem is source spec-

tral efficiency-optimal, since R∗
k(Bk) is the maximum rate that could

be supported for the given delay bound and violation probability and

R∗
k(Bk)/Bk is independent from Bk. Thus, ln

(
1/P th

k

)
/Dth

k Tdk is a fun-

damental measure of the maximum number of video bits per channel use

that can be delivered subject to the QoS requirement.

The result in Theorem 1 applies to any fading distribution. In practice,

however, solving for the optimal resource allocation and source rates requires

numerical computation of dk by solving Eγ

{
(1 + γk)

− dkT

ln(2)

}
= pk. The fol-

lowing corollary simplifies the expression for the special case of a Rayleigh

channel.

Corollary 1. For a Rayleigh channel with average SNR γ̄k such that fk(γ) =

1
γ̄k
e−γ/γ̄k , the delay constraint reduces to

ln

(
E dkT

ln(2)

(
1

γ̄k

))
=

ln(P th
k )

Dth
k

− 1

γ̄k
+ ln(γ̄k)

where Ea(x) =
∫∞
1

(e−xt/ta)dt is the exponential integral.
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Proof. See Appendix 2.9.5.

2.4.2 Fairness-driven Resource Allocation

Next, we consider the alternative objective of maximizing the minimum

video quality across all served users to provide a notion of fairness in the

resource allocation policy. Under this objective, the problem can be formulated

as follows

maxR,B min
k

Qk(Rk)

s.t.
K∑
k=1

Bk = B

Pr
{
Dk > Dth

k

}
≤ P th

k ∀ k

Bk ≥ 0 ∀ k

where R is the source rate vector and B is the bandwidth allocation vector.

Corrolary 2. The optimal resource allocation vector B is such that

B∗
k =

TdkD
th
k

ln(1/P th
k )

Q−1
k (q)

where q is selected such that
∑K

k=1 TdkD
th
k Q−1

k (q)/ ln(1/P th
k ) = B.

Proof. See Appendix 2.9.6.

48



2.4.3 Practical Considerations

In practice, the number of operating points on the rate-distortion curve

is finite and determined by the different representations of the video sequence

available at the server. Let (Rmin
k , Qmin

k ) correspond to the operating point

on user k rate distortion curve that provides the lowest available rate. If

R∗
k(B

∗
k, θ

∗
k) < Rmin

k , then the solution corresponding to user k cannot be real-

ized. Thus, practically, user k cannot use any of the available video descrip-

tions and still meet his delay constraint.

2.5 Maximal User Subset Scheduling and User Admis-
sion

In this section, we consider the problem of selecting video users to

serve given their QoS constraint. The objective is to select the largest subset

of users such that each user in the subset can meet his delay constraint. We

solve the problem for the two resource allocation use cases presented in §2.4,

that is, under maximum sum quality resource allocation as well as fairness-

based resource allocation. Afterwards, we present a user admission policy that

determines the criterion for a new user to be admitted into the system given

his delay constraint and the delay constraints for the existing users so that the

delay constraint of each user is not compromised.

Theorem 2 summarizes the main result of the section. It presents the

optimal scheduling policy that selects a maximal subset of users such that

all user meet their statistical delay constraint. To summarize, the optimal
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scheduling policy can be obtained in polynomial time in the number of users

and it involves computing the minimum bandwidth required by each user to

support their QoS requirement, using it as a sorting criterion, and scheduling

the first sorted users such that the sum of their minimum bandwidth require-

ment does not exceed the total bandwidth. Under the fairness constraint, a

similar solution is obtained with the major difference that the sorting criterion

is the video quality corresponding to the minimum rate representation of the

video sequence.

Theorem 2. Maximal User Subset Scheduling: Under maximum sum

quality resource allocation, the scheduling policy to maximize the number of

users that can meet their QoS requirement is as follows. Define

Bmin
k =

Dth
k dkT

ln(1/P th
k )

Rmin
k (2.12)

and let ℓ(i) be the sorting operation in increasing order on Bmin
k so that Bmin

ℓ(i)

is the ith sorted element ∀i = 1, · · · , K, then the maximum number of users

supported N∗ is

N∗ = argmaxN

N∑
i=1

Bmin
ℓ(i) s.t.

N∑
i=1

Bmin
ℓ(i) ≤ B

Under fairness-based resource allocation, the scheduling policy to maximize

the number of users that can meet their QoS requirement is as follows. Define

qmin
k = Qk(R

min
k ) and let m(i) be the sorting operation in increasing order

on qmin
k so that qmin

m(i) is the ith sorted element ∀i = 1, · · · , K, and define Fi =
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{m(1), · · · ,m(i)} then the maximum number of users supported N∗ is obtained

as follows

ni = maxn

n∑
p=1

1(m(p) ∈ Fi) s.t.
n∑

p=1
m(p)∈Fi

Bℓ(p)(q
min
m(i)) ≤ B

N∗ = max
i=1,··· ,K

ni.

Proof. See Appendix 2.9.7.

Next, we contrast the scheduling solution under maximum sum quality

resource allocation with that under fairness-based resource allocation. First,

with maximum sum quality resource allocation, the system can always support

at least the same number of users as with the fairness-based policy. This can

be seen in the following inequalities

Bmin
ℓ(i) ≤ Bmin

m(i)

≤ Bm(i)(q
min
m(N))

where the first inequality follows since ℓ(i) is the ith sorted element accord-

ing to the Bmin
k criterion and the second inequality follows by the definition of

Bmin
k . Furthermore, no scheduling policy can serve more users than that under

maximum sum quality resource allocation since it is based on each served user
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operating at the minimum bandwidth required to maintain the QoS require-

ment. Finally, the fairness-based policy and the quality-maximizing policy

support the same number of users if Qk(R) = Q(R)∀k and Rmin
k = Rmin∀k,

that is, all users have the same rate-distortion behavior and minimum rate

representations. While this is typically not the case in practice, it provides

the following useful intuition: Achieving fairness is least costly when the rate-

distortion behavior of the users in the network is similar such that all users

achieve similar incremental gains in quality when increasing their source rate.

We next consider the user admission problem, whereby a set of users

are already using the wireless system resources for video streaming, and a new

user enters the system. For this scenario, we derive the user admission criterion

that ensures that (1) the admitted user meets the target QoS requirement, and

(2) the current users’ QoS requirements’ are not jeopardized by the admitted

user. This user admission policy is presented in Theorem 3.

Theorem 3. User Admission Criteria: Under the quality-maximizing

policy, a new user with QoS requirements {Dth
K+1, P

th
K+1} can be admitted into

the system with K existing users operating at {Rk}Kk=1 if

Rmin
k

Rk

≤ 1−
R∗

K+1

B
×

dK+1TD
th
K+1

ln(1/P th
K+1)

∀k = 1, · · · , K

Rmin
K+1

R∗
K+1

≤ 1.

Under the quality fairness policy where each of the K user operates with qual-

ity qinit = Qi(Ri), user K + 1 with QoS requirements {Dth
K+1, P

th
K+1} can be
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admitted if

Rmin
i

Ri

≤ 1−
Q−1

K+1(q
final)

B
×

dK+1TD
th
K+1

ln(1/P th
K+1)

∀i = 1, · · · , K

Rmin
K+1

Q−1
K+1(q

final)
≤ 1

where qfinal is computed such that
∑K+1

k=1 B∗
k = B.

Proof. See Appendix 2.9.8.

2.6 Joint Scheduling and Resource Allocation Algorithm

In this section, we present the Algorithm that jointly selects a maximal

user subset from a set of candidate video users with delay QoS constraints.

Among the scheduled users, resources are allocated either to maximize the sum

video quality or minimum video quality. The Algorithmic description under

those two utility functions are provided in Algorithms 1 and 2 respectively.

First, we use the delay constraint Dth
k and the delay constraint viola-

tion probability P th
k to compute pk the bandwidth-QoS exponent product dk.

Next, we compute the minimum bandwidth requirement Bmin
k for each user

to meet his QoS constraint and the corresponding video quality qmin
k . Based

on the channel conditions and the QoS requirement, the maximum source

spectral efficiency R∗
k(Bk)/Bk is computed for each user. The next step in-

volves scheduling a maximal user subset based on Theorem 2 depending on
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the selected utility function. After a subset of users is selected, the optimal

bandwidth allocation B∗
k is obtained using Theorem 1.

Algorithm 1 Quality-maximizing Joint Scheduling and Resource Allocation.

Given K users with delay QoS requirements {Dth
k , P th

k }Kk=1, fading distributions fk(γ),
and total bandwidth B.
Step 1. Compute QoS-related Metrics
for k = 1 → K do

1. Find pk = P th
k

1/Dth
k ∀k.

2. Given fk(γ), find the bandwidth-QoS exponent product dk = B∗
kθ

∗
k ∀k by solving

Eγ

{
(1 + γk)

− dkT

ln(2)

}
= pk.

3. Compute minimum bandwidth requirement per user Bmin
k =

Dth
k dkT

ln(1/P th
k )

Rmin
k and

minimum quality qmin
k = Qk(R

min
k ).

4. Compute the maximum source spectral efficiency R∗
k(Bk)/Bk =

ln
(
1/P th

k

)
/Dth

k Tdk.
end for
Step 2. Select Maximal User Subset

1. Sort Bmin
k with operator ℓ(i) such that Bmin

ℓ(i) is the ith sorted element ∀i = 1, · · · ,K

2. Compute maximum number of users N∗ = argmaxN
∑N

i=1 B
min
ℓ(i) s.t.

∑N
i=1 B

min
ℓ(i) ≤

B

3. Schedule users ℓ(1), · · · , ℓ(N∗).
Step 3. Allocate Resources

1. Set ρ = ρinitial

2. Solve
∂Qk(R

∗
k(B

∗
k ,θ

∗
k))

∂R∗
k(B

∗
k ,θ

∗
k)

=
Td∗

k(ρ
∗)

ln(pk)
for R∗

k ∀k = ℓ(1), · · · , ℓ(N∗)

3. Solve θ∗k = − ln(pk)/(TR
∗
k) ∀k = ℓ(1), · · · , ℓ(N∗)

4. Solve B∗
k = dk/θ

∗
k ∀k = ℓ(1), · · · , ℓ(N∗)

5. If
∑

B∗
k < B, decrease ρ and repeat 2,3,4, otherwise increase ρ and repeat 2,3,4

until |
∑

B∗
k −B| < ϵ.
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Algorithm 2 Fairness-based Joint Scheduling and Resource Allocation.

Given K users with delay QoS requirements {Dth
k , P th

k }Kk=1, fading distributions fk(γ),
and total bandwidth B.
Step 1. Compute QoS-related Metrics
for k = 1 → K do

1. Find pk = P th
k

1/Dth
k ∀k.

2. Given fk(γ), find the bandwidth-QoS exponent product dk = B∗
kθ

∗
k ∀k by solving

Eγ

{
(1 + γk)

− dkT

ln(2)

}
= pk.

3. Compute minimum bandwidth requirement per user Bmin
k =

Dth
k dkT

ln(1/P th
k )

Rmin
k and

minimum quality qmin
k = Qk(R

min
k ).

4. Compute the maximum source spectral efficiency R∗
k(Bk)/Bk =

ln
(
1/P th

k

)
/Dth

k Tdk.
end for
Step 2. Select Maximal User Subset

1. Sort qmin
k with operator m(i) such that qmin

m(i) is the i
th sorted element ∀i = 1, · · · ,K

2. Compute maximum number of users N∗ = maxi=1,··· ,K ni where ni =
maxn

∑n
p=1 1(m(p) ∈ Fi) s.t.

∑n
p=1

m(p)∈Fi

Bℓ(p)(q
min
m(i)) ≤ B.

3. Schedule corresponding users.
Step 3. Allocate Resources

1. Set q = qmin
m(N∗)

2. Compute B∗
k =

TdkD
th
k

ln(1/P th
k )

Q−1
k (q) ∀k = m(1), · · · ,m(N∗)

3. If
∑

B∗
k < B, increase q and repeat 2, otherwise decrease q and repeat 2 until

|
∑

B∗
k −B| < ϵ.

2.7 Results

In this section, we present results and analysis to demonstrate the per-

formance of the proposed scheduling and resource allocation algorithms for

real-time video transmission. First, we present analysis of the source spec-

tral efficiency under different QoS requirements and channel conditions. Next,

we analyze the resource allocation for the two user case with hybrid QoS re-
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Figure 2.2: Contour plot of source spectral efficiency for a Rayleigh channel
vs. delay bound Dth and delay bound violation probability P th for γ̄ = 0 dB.

quirements. Finally, we present the general case of multiple users with joint

scheduling and resource allocation.

2.7.1 Source Spectral Efficiency under Delay Constraints

Figures 2.2 and 2.3 show contour plots of the maximum source spec-

tral efficiency supported by a Rayleigh channel as a function of the delay

bound and delay bound violation probability for different SNRs. Note, from

Theorem 1, that the maximum source spectral efficiency can be expressed as

ln
(
1/P th

k

)
/Dth

k Tdk and is achieved by the proposed rate adaptation algorithm.

The main observation from the plot is that there exists a boundary beyond
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Figure 2.3: Contour plot of source spectral efficiency for a Rayleigh channel
vs. delay bound Dth and delay bound violation probability P th for γ̄ = 20 dB.

which the source spectral efficiency declines very rapidly, making practical re-

alization of the QoS constraint impossible since it would require either using

a very large bandwidth or operating at a very small source rate. For example,

to achieve Dth
k = 0.5 sec and P th

k = 10−3, we require a bandwidth 1000 times

the source rate even if the average SNR is γ̄ = 20 dB. This provides a practical

insight into the range of feasible QoS constraints.

Figures 2.4 and 2.5 show the achievable source spectral efficiency over a

range of SNRs for the two cases of Dth
k = 1 sec and Dth

k = 0.2 sec. For example,

if Dth
k = 0.2 sec, a target violation probability of 10−2 is not realizable even

under very good channel conditions. In this case, the violation probability
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Figure 2.4: Source spectral efficiency for a Rayleigh channel vs. average SNR γ̄
and target delay bound violation probability P th for Dth = 1 sec, (b) Dth = 0.2
sec.

needs to be relaxed for the QoS requirement to be practical. We note that

these results are considered as an extreme case since they consider a Rayleigh

channel and uncorrelated fading instances. With an uncorrelated channel, the

randomness in the service rate is largest, thus exacerbating the problem of

maintaining a certain delay constraint.

2.7.2 Resource Allocation under Hybrid Delay QoS Requirements

Next, we consider two users with different QoS requirements sharing a

wireless channel. User 1 has a delay constraint Dth
1 = 2 sec corresponding to
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Figure 2.5: Source spectral efficiency for a Rayleigh channel vs. average SNR
γ̄ and target delay bound violation probability P th for Dth = 0.2 sec.

a typical live video streaming application and user 2 has a delay constraint

Dth
2 = 0.3 sec corresponding to a typical interactive video conferencing ap-

plication. The target delay bound violation probability is 0.1 for both users.

To understand the effect of unequal delay requirements in isolation, we con-

sider the case where both users have the same rate distortion characteristics.

Specifically, we use the Foreman video sequence [59] encoded with H.264/AVC.

The GoP structure is IBPBP · · · and the GoP duration is 16 frames. The

MB size is 16× 16 and we use the CIF resolution of 352× 288. The different

rate-distortion operating points are obtained by modifying the quantization
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Figure 2.6: Service regions for two user case study with Dth
1 = 2 sec, Dth

2 = 0.3
sec, P th

1 = P th
2 = 0.1, Rmin

1 = Rmin
2 = 185 Kbps, and B = 5 MHz.

parameters of the discrete cosine transform (DCT) coefficients. The minimum

rate representation is Rmin = 185 Kbps. We measure video quality using the

MS-SSIM index. The minimum rate representation of each video sequence

provides a corresponding video quality of 0.845. The total system bandwidth

is 5 MHz.

Figure 2.6 shows the range of SNRs over which: (1) None of the users

can be served, (2) only user 1 can be served, (3) only user 2 can be served,
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and (4) both users can be served simultaneously. The main observation is that

the SNR range is very different for the two users. User 1 can be served with

as low as -14 dB. On the other hand, user 2 requires at least 8 dB to satisfy

his QoS requirement. This shows that Max SNR-based scheduling is highly

suboptimal for video users with different QoS requirements and QoS-aware

scheduling achieves significant gains. For instance, consider the case where

−14 ≤ γ̄2 ≤ 8 and γ̄1 < γ̄2. In this case, a Max SNR scheduler always favors

user 2, although it is clear that in this entire operating region, user 2 cannot

meet his QoS requirement while user 1 can. Figure 2.7 shows a contour plot
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of the corresponding average video quality per user at each operating point.

2.7.3 Multiuser Scheduling and Resource Allocation

Next, we consider the general case where there is a large number of

users to be served. We apply the scheduling solution derived in Theorem 2 to

select a user subset followed by the corresponding resource allocation policy.

We consider a single cell setup where the users are distributed according to

a poisson point process (PPP) in the cell. Half the video users have a delay

constraint Dth
1 = 2 sec corresponding to live video users and the other half

have a delay constraint Dth
2 = 0.3 sec corresponding to a typical two-way

video conferencing user. The target delay bound violation probability is 0.1

for both sets of users and the total system bandwidth is 20 MHz. We use

three video sequences [59] encoded with H.264/AVC. The GoP structure is

IBPBP · · · and the GoP duration is 16 frames. The MB size is 16× 16 and

we use the CIF resolution of 352× 288. The minimum rate representation of

the three different video are Rmin
k = 160, 185, and 200 Kbps.

For accurate channel modeling, we derive the average SNRs γ̄k from

the distances dk using the following relation

γ̄k = 10 log10(Pt)−KdB − 10δ log10(dk)− 10 log(N0Bk)

where KdB is the pathloss constant, δ is the pathloss exponent, and N0 is the

power spectral density of AWGN noise. In our simulations, KdB = 21.36 dB,
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δ = 3.52, and N0 = 4× 10−21 W/Hz.

Figure 2.8 shows the number of users supported using the proposed

maximal user subset scheduling algorithm along with (a) sum quality-maximizing

resource allocation, and (b) fairness-based resource allocation. As we proved

in Theorem 2, the maximal user subset scheduling algorithm with sum quality-

maximizing resource allocation outperforms any other scheduling/resource al-

location combination under the same delay constraints. To distinguish the

resource allocation and scheduling gains, we consider two baselines. In both
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baselines, scheduling is based on Max SNR, that is, the users with the better

channels are favored and the maximum number of the highest SNR users that

can be supported such that they can meet their delay constraint is scheduled.

This baseline corresponds to an opportunistic scheduling that gives priority to

the users with better channels at any given time. We note that the proposed

scheduling algorithm is a generalization of a basic opportunistic scheduler be-

cause it takes into account delay requirements and rate distortion character-

istics in addition to channel conditions which enables quality and capacity

gains.

As for resource allocation, in the first baseline, the available bandwidth

is divided equally among the scheduled users. In the second baseline, the band-

width is allocated according to the sum quality-maximizing resource allocation.

Thus, the difference between the baselines is the resource allocation gain and

the difference between the second baseline and the proposed algorithm is the

scheduling gain. We observe that significant gains are achieved in terms of

the total number of users supported in the system. The resource allocation

gain corresponds to 1.6x increase in capacity due to the better partitioning of

the wireless system resources. The scheduling gain corresponds to 2.2x-3.5x

increase in capacity depending on the user density. Furthermore, under the

fairness constraint, the number of users supported drops because forcing users

with hybrid QoS requirements and different channel conditions to operate at

the same video quality increases the resource consumption, particularly for

cell edge users. Still, it outperforms both baselines.
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Figure 2.9: Users covered by the proposed and baseline scheduling and resource
allocation algorithms for Pt = 25 W; Top: Maximal user subset scheduler
and maximum sum quality resource allocation; Bottom: Max SNR scheduler
baseline and equal bandwidth allocation. Red markers correspond to video
conferencing sessions and blue dots correspond to live streaming users.
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To understand how these significant gains are achieved, Figure 2.9

shows the users covered by the proposed scheduling and resource allocation

algorithm in comparison to the first baseline at Pt = 25 W. The maximal user

subset scheduling algorithm supports a total of 198 users corresponding to 184

live streaming sessions and 14 video conferencing sessions. In contrast, Max

SNR scheduling supports only 64 users corresponding to 35 live streaming

sessions and 29 video conferencing sessions. Thus, in essence, the gains stem

from dropping a small fraction of users that require excessively large amount

of resources to meet their QoS requirement such that the total number of users

supported is maximized. Another way to visualize the gains is through the

coverage radius. With the baseline, the coverage radius is 2.1 Km. Under

the proposed QoS-aware, the coverage radius for video conferencing users is

reduced to 1.5 Km such that live streaming users can be served up to a 5 Km

radius.

Figure 2.10 shows the standard deviation of the video quality across

users vs. user density under the sum quality-maximizing policy. To obtain

a meaningful interpretation of the standard deviation, we first map the qual-

ity scores to differential mean opinion score (DMOS) which is linear in user

judgments and ranges from 0 to 100. We deduce from Figure 2.10 that the

deviation of quality across users is reasonable. Thus, maximizing sum quality

comes at a little cost to cell edge users’ performance and maintaining complete

fairness by maximizing the minimum video quality in the cell is too costly to

the capacity.
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Figure 2.10: Standard deviation of DMOS-mapped video quality.

2.8 Summary

We used the concept of effective capacity to provide a framework for

statistical delay provisioning for multiple users sharing a wireless network.

Sum quality-maximizing resource allocation policies as well as fairness-based

policies were derived. Furthermore, maximal user subset scheduling was pro-

posed to maximize the number of scheduled users that can meet their QoS

requirement. Significant gains in capacity, measured in terms of number of

users supported in the system, are achieved due to QoS-aware scheduling and

resource allocation.
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2.9 Appendices

2.9.1 Proof of Lemma 1

Proof. Since Qk(Rk) is increasing, increasing the source rate for any user

improves the objective function. Furthermore, the delay bound violation

probability Pr
{
Dk > Dth

k

}
is increasing in the source rate. Thus, the opti-

mal solution must satisfy Pr
{
Dk > Dth

k

}
= P th

k ∀k. This condition reduces

to Ck(θk) = RkT . Plugging in Ck(θk) from (2.4), we obtain R∗
k(Bk, θk) =

− ln
(
Eγ{e−θkBkT log(1+γk)}/Tθk

)
and the result follows.

2.9.2 Proof of Lemma 2

Proof. From Lemma 1, the statistical delay constraint should be satisfied with

equality. Thus, we can rewrite the statistical delay constraint as follows

e−θkCk(θk)D
th
k = P th

k

θkTR
∗
k(Bk, θk)D

th
k = − ln(P th

k )

ln
(
Eγ

{
(1 + γk)

− θkBkT

ln(2)

})
=

ln(P th
k )

Dth
k

(2.13)

Eγ

{
(1 + γk)

− θkBkT

ln(2)

}
= P th

k

1/Dth
k = pk (2.14)

where (2.13) follows using Lemma 1. Furthermore, since pk in (2.14) is a

constant independent of the channel statistics and the bandwidth allocation,

it follows that θkBk should be constant. Thus, θ∗k = dk/B
∗
k for some constant

dk.
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2.9.3 Proof of Lemma 3

Proof. First, we show convexity of the objective function in Bk. We note that

it suffices to show that Rk = − 1
Tθk

ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
)
is concave in Bk

since −Qk(Rk) is convex in Rk and non-increasing. We have

αRk(B
1
k)+(1− α)Rk(B

2
k)

=− 1

Tθk

[
α ln

(
Eγ

{
(1 + γk)

− θkB1
kT

ln(2)

})
+ (1− α) ln

(
Eγ

{
(1 + γk)

− θkB2
kT

ln(2)

})]
=− 1

Tθk

[
ln

(
Eγ

{
(1 + γk)

− θkB1
kT

ln(2)

}α

× Eγ

{
(1 + γk)

− θkB2
kT

ln(2)

}1−α
)]

.

Now, apply Lyaponuv’s inequality which states that E[|Y |s]r × E[|Y |l]1−r ≥

E[|Y |m] where r = (l −m)/(l − s) and 0 < s < m < l. We assume B1
k < B2

k

w.l.o.g. and apply the inequality for |Y | = (1+γk)
−1, r = α, s = θkTB

1
k/ ln(2),

and l = θkTB
2
k/ ln(2). Thus, α = (θkTB

2
k/ ln(2)−m)/(θkTB

2
k/ ln(2)−θkTB

1
k/ ln(2)).

Solving for m, we obtain m = θkT
ln(2)

(αB1
k+(1−α)B2

k). Applying the inequality,

we obtain

αRk(B
1
k)+(1− α)Rk(B

2
k)

≤ − 1

Tθk

[
ln
(
Eγ

{
(1 + γk)

− θkT

ln(2)
(αB1

k+(1−α)B2
k)
})]

= Rk(αB
1
k + (1− α)B2

k).

Thus, Rk(Bk) is concave in Bk and the objective function is convex in Bk.

Next, we show that the objective function is also convex in θk, It is clear that
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the component ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
)
is convex in θk as well by the exact

arguments used above. Thus, we have Rk(θk) = − 1
Tθk

f(θk) where f(θk) is

convex and non-increasing in θk. Also,
1

Tθk
is convex and non-increasing. The

product of two convex and non-increasing functions is convex. Thus, 1
Tθk

f(θk)

is convex and Rk(θk) is concave in θk. Applying the same arguments, we can

further show that the constraint (2.10) is convex in Bk and θk. Thus, the

optimization problem is convex and has a unique solution if it feasible.

We further show that the problem is always feasible if Qk(Rk) is defined

for every Rk ≥ 0, i.e., the video source rate can be arbitrarily reduced. Using

Lemma 2, we can always find a positive dk = Bkθk that satisfies the statistical

delay constraint. For any Bk, θk that satisfies Bkθk = dk, we use Lemma 1

to find a corresponding source rate Rk that can be supported subject to the

delay bound. To summarize, given any delay bound and channel conditions,

there exists a small enough source rate such that the delay bound is met.

2.9.4 Proof of Theorem 1

Proof. We write the Lagrangian function for the resource allocation problem

and the Karush-Kuhn-Tucker (KKT) conditions to derive the optimal solution.

The Lagrangian function L(B,θ, ρ,λ,µ) of the resource allocation problem is

as follows
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L(B,θ, ρ,λ,µ) = −
K∑
k=1

Qk

(
− 1

Tθk
ln
(
Eγ{(1 + γk)

− θkBkT

ln(2) }
))

−
K∑
k=1

µkBk

−ρ

(
K∑
k=1

Bk −B

)
+

K∑
k=1

λk

(
Eγ

{
(1 + γk)

− θkBkT

ln(2)

}
− pk

)

where ρ, λ = {λk}Kk=1, and µ = {µk}Kk=1 are the Lagrange multipliers cor-

responding to constraints (2.9), (2.10), and (2.11) respectively. The KKT

conditions are



∂L
∂Bk

∣∣
Bk=B∗

k

= 0, ∂L
∂θk

∣∣
θk=θ∗k

= 0 ∀k
µ∗
k ≥ 0, B∗

k ≥ 0, µ∗
kB

∗
k = 0 ∀k∑K

k=1B
∗
k = B

Eγ

{
(1 + γk)

− θ∗kB∗
kT

ln(2)

}
= pk ∀ k.

Taking the derivative of L(B,θ, ρ,λ,µ) with respect to Bk, we obtain

∂L

∂Bk

=
∂Qk(R

∗
k(Bk, θk))

∂R∗
k(Bk, θk)

×
Eγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
}

Eγ

{
(1 + γk)

− θkBkT

ln(2)

}
− ρ− λkθkT

(
Eγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
})

− µk

=θk TEγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
}∂Qk(R

∗
k(Bk, θk))/∂R

∗
k(Bk, θk)

θkTEγ

{
(1 + γk)

− θkBkT

ln(2)

} − λk


︸ ︷︷ ︸

g(Bk,θk,λk)

− ρ− µk
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where we defined g(Bk, θk, λk) as stated above. Thus, we have

∂L

∂Bk

= θkg(Bk, θk, λk)− ρ− µk.

Note that ∂Qk(R
∗
k)/∂R

∗
k is the slope of the rate distortion function at R∗

k.

Now, we take the derivative of the Lagrangian with respect to θk as follows

∂L

∂θk
=
∂Qk(R

∗
k(Bk, θk))

∂R∗
k(Bk, θk)

× 1

Tθ2k
ln
(
Eγ

{
(1 + γk)

− θkBkT

ln(2)

})
+

Bk

θk

Eγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
}

Eγ

{
(1 + γk)

− θkBkT

ln(2)

}


−λkBkT
(
Eγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
})

=Bk TEγ

{
(1 + γk)

− θkBkT

ln(2) log(1 + γk)
}∂Qk(R

∗
k(Bk, θk))/∂R

∗
k(Bk, θk)

θkTEγ

{
(1 + γk)

− θkBkT

ln(2)

} − λk


︸ ︷︷ ︸

g(Bk,θk,λk)

+
∂Qk(R

∗
k(Bk, θk))

∂R∗
k(Bk, θk)

1

Tθ2k
ln
(
Eγ

{
(1 + γk)

− θkBkT

ln(2)

})
=Bkg(Bk, θk, λk) +

∂Qk(R
∗
k(Bk, θk))

∂R∗
k(Bk, θk)

1

Tθ2k
ln
(
Eγ

{
(1 + γk)

− θkBkT

ln(2)

})
.

Substituting ∂L
∂Bk

∣∣
Bk=B∗

k

= 0 and ∂L
∂θk

∣∣
θk=θ∗k

= 0, we obtain the following set of

equations

θ∗kg(B
∗
k, θ

∗
k, λ

∗
k)− ρ∗ − µ∗

k = 0

B∗
kg(B

∗
k, θ

∗
k, λ

∗
k) +

∂Qk(R
∗
k(B

∗
k ,θ

∗
k))

∂R∗
k(B

∗
k ,θ

∗
k)

1
Tθ∗2k

ln

(
Eγ

{
(1 + γk)

− θ∗kB∗
kT

ln(2)

})
= 0.
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Substituting g(B∗
k, θ

∗
k, λ

∗
k) = (µ∗

k + ρ∗)/θ∗k into the second equation, we obtain

B∗
k(µ

∗
k + ρ∗)

θ∗k
+

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

1

Tθ∗2k
ln

(
Eγ

{
(1 + γk)

− θ∗kB∗
kT

ln(2)

})
= 0.

Equivalently,

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

× ln

(
Eγ

{
(1 + γk)

− θ∗kB∗
kT

ln(2)

})
= −TB∗

kθ
∗
k(ρ

∗ + µ∗
k).

Applying the last KKT condition, we obtain

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

ln (pk) = −TB∗
kθ

∗
k(ρ

∗ + µ∗
k).

We substitute R∗
k(Bk, θk) = − ln

(
Eγ

{
(1 + γk)

− θ∗kB∗
kT

ln(2)

})
/(Tθk) to obtain an-

other form of the expression that has a useful interpretation. We have

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

= (ρ∗ + µ∗
k)

B∗
k

R∗
k(B

∗
k, θ

∗
k)
.

First, we analyze µ∗
k. If user k is not assigned any resources, µ∗

k > 0 andB∗
k = 0.

This requires either θ∗k = ∞ or pk = 1 to satisfy constraint (2.10). Substituting

θ∗k = ∞ into (2.3), we obtain P th
k = 1, i.e., the target delay bound violation

probability is one. On the other hand, pk = P th
k

1/Dth
k = 1 is equivalent to

either P th
k = 1 or Dth

k = ∞. Thus, the optimal bandwidth allocation is always

non-zero unless the target delay bound is infinite or the target delay bound

73



violation probability is one. Since this case is not meaningful and impractical,

we have µ∗
k = 0 and B∗

k > 0 ∀k. Thus,

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

= ρ∗
B∗

k

R∗
k(B

∗
k, θ

∗
k)
.

Equivalently, we have

∂Qk(R
∗
k(B

∗
k, θ

∗
k))

∂R∗
k(B

∗
k, θ

∗
k)

× R∗
k(B

∗
k, θ

∗
k)

B∗
k

= ρ∗.

2.9.5 Proof of Corollary 1

Proof. We reduce the delay constraint from Lemma 2 as follows

pk = Eγ

{
(1 + γ)−

dkT

ln(2)

}
=

1

γ̄k

∫ ∞

0

(1 + γ)−
dkT

ln(2) e−γ/γ̄kdγ

= − 1

γ̄k
e1/γ̄k(1 + γ)1−

dkT

ln(2) E dkT

ln(2)

(
1 + γ

γ̄k

)]∞
0

=
1

γ̄k
e1/γ̄kE dkT

ln(2)

(
1

γ̄k

)
where Ea(x) =

∫∞
1

(e−xt/ta)dt is the exponential integral. Substituting pk =

P th
k

1/Dth
k and taking the natural logarithm on both sides, the result follows.

2.9.6 Proof of Corollary 2

Proof. Given any resource allocation {Bk}Kk=1, let k′ = argminkQk(R
∗
k(Bk).

Note that, from Lemma 3, for any resource allocation {Bk}Kk=1, a feasible
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point always exists if Qk(Rk) is defined for every Rk ≥ 0. Thus, k′ is well

defined. By increasing Bk′ , the objective function mink Qk(Rk) = Qk′(Rk′)

keeps improving until argminkQk(R
∗
k(Bk) ̸= k′. Thus, it follows that the

optimal solution requires Qk(R
∗
k(B

∗
k) = Qj(R

∗
j (B

∗
j , θ

∗
j )) = q∀j, k. Furthermore,

given that Qk(Rk) is defined for every Rk ≥ 0, a small enough q always exists.

Given any target video quality q for each user, using Lemma 1 and Lemma 2,

the corresponding resource allocation for user k is

Bk =
dk
θk

=
TdkD

th
k

ln(1/P th
k )

Q−1
k (q)

Thus, the required sum bandwidth for all users to achieve target video quality

q is

K∑
k=1

Bk = T
K∑
k=1

dkD
th
k Q−1

k (q)

ln(1/P th
k )

and B∗
k can be found by numerically solving for q such that the sum bandwidth

is B.

2.9.7 Proof of Theorem 2

Proof. If user k is scheduled, the minimum bandwidth requirement is such

that the user’s delay constraint can be met with the minimum source rate. As

the source rate increases, a larger bandwidth is required to maintain the same
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delay constraint. Thus, the minimum bandwidth Bmin
k required to meet the

statistical delay bound is

Bmin
k = B∗

k(R
min
k ) =

Dth
k dkT

ln(1/P th
k )

Rmin
k .

Given the minimum bandwidth required per user, the problem of finding a

maximal user subset reduces to a special case of the Knapsack problem [60]

where all items (users) have equal value vk = 1 and weights (bandwidths)

wk = Bmin
k . Since vk = 1 ∀k, the exact solution corresponds to the N∗ users

with the smallest wk such that
∑

wk < B. More formally, define ℓ(i) to be

the sorting operating in increasing order so that Bmin
ℓ(i) is the ith sorted element

∀i = 1, · · · , K, then the maximum number of users supported N∗ is

N∗ = argmaxN

N∑
i=1

Bmin
ℓ(i) s.t.

N∑
i=1

Bmin
ℓ(i) ≤ B

Under the fairness-based resource allocation, define m(i) to be the sort-

ing operating in increasing order so that qmin
m(i) = Qk(R

min
k ) is the ith sorted

element ∀i = 1, · · · , K and define ℓ(i) to be the sorting operating in increas-

ing order so that Bmin
ℓ(i) is the ith sorted element ∀i = 1, · · · , K. Corollary 2

states that, under the fairness-based policy, all users should achieve the same

target video quality q̄. Thus, if the target quality is qmin
m(i), at most i users with

indices m(1), · · · ,m(i) can be served. Define the feasible set of users at target

quality level qmin
m(i) as Fi = {m(1), · · · ,m(i)}. It follows that the maximum

76



number of users that can be served from set Fi includes those with the small-

est bandwidth requirement to operate at the target video quality. This can be

mathematically represented as the largest value of n that satisfies

n∑
p=1

m(p)∈Fi

Bℓ(p)(q
min
m(i)) ≤ B.

Thus, given the operating target quality qmin
m(i), the maximum number of users

that can be scheduled is

ni = maxn

n∑
p=1

1(m(p) ∈ Fi) s.t.
n∑

p=1
m(p)∈Fi

Bℓ(p)(q
min
m(i)) ≤ B

and the maximum number of users that can be served simply reduces to max-

imizing over the K target quality levels

N∗ = max
i=1,··· ,K

ni.

Since increasing the target video quality cannot increase the maximum number

of users supported, considering the lowest K target video quality is without

loss of generality and N∗ is the maximum number of users supported in the

system.
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2.9.8 Proof of Theorem 3

Proof. For user K to be admitted, two conditions need to be satisfied. First,

the other users need to be able to maintain their own QoS constraint. Second,

the admitted user needs to be allocated enough resources to meet his QoS

requirement. If admitted, user K + 1 gets bandwidth

B∗
K+1(RK+1) =

dK+1

θ∗K+1

= RK+1

dK+1TD
th
K+1

ln(1/P th
K+1)

.

The new resource allocation for the rest of the users is obtained by allocating

an equivalent total bandwidth of B−B∗
K+1. The source rate scales linearly in

the bandwidth according to Theorem 1, i.e., Rk(Bk)/Bk is independent of Bk

for each user k. Thus, since the old source rate for user k is Rk = B× (Rk/B),

admitting user K + 1 reduces user k’s source rate to Rnew
k = (B − B∗

K+1) ×

(Rk/B). Thus, the user admission condition reduces to

Rmin
k ≤ Rnew

k =
Rk(B −B∗

K+1)

B

= Rk

(
1−RK+1

dK+1TD
th
K+1

B ln(1/P th
K+1)

)
.

Equivalently, we have

Rmin
k

Rk

≤ 1−
R∗

K+1

B
×

dK+1TD
th
K+1

ln(1/P th
K+1)

.
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If the above condition is satisfied for each user k, the QoS constraint is main-

tained after userK+1 is admitted. In addition, for userK+1 to satisfy his own

QoS requirement, the maximum source rate required should exceed the mini-

mum rate representation Rmin
K+1, i.e., R

min
K+1 ≤ R∗

K+1. Under the fairness-based

policy, the same analysis follows with the exception that R∗
K+1 = Q−1

K+1(q
final)

such that, after user admission, all users have equal video quality qfinal and

qfinal is selected such that
∑K+1

k=1 Bk = B.
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Chapter 3

User-level Perceptual Optimization for

Non-scalable Video Transmission

This chapter proposes perceptual quality optimization to provide packet

prioritization based on loss visibility. We estimate packet loss visibility through

a generalized linear model. For a MIMO physical layer, we solve the prob-

lem of mapping loss visibility-labeled video packets to MIMO subchannels

and adapting per-stream rates to maximize the total perceptual value of suc-

cessfully delivered packets per unit time. Finally, we show that the solution

enables jointly reaping gains in terms of improved video quality and lower

latency. Optimized packet-stream mapping enables transmission of more rele-

vant packets over more reliable streams while unequal modulation opportunis-

tically increases the transmission rate on the stronger streams to enable low

latency delivery of high priority packets.

3.1 Introduction

The delay-sensitive nature of real-time video transmission motivates the

use of unreliable transport protocols, such as user datagram protocol (UDP)

for video delivery. This causes the wireless channel impairments, such as losses
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and delays, to be visible at the APP layer. Consequently, achieving good over-

all video quality for real-time video requires mitigating channel-induced dis-

tortions. Since video quality is the metric of interest from the user perspective,

transmission policies should be designed to minimize the impact of losses on

video quality. Generally, incorporating video quality-based optimization into

lower layer protocols requires a complex, and practically prohibitive, cross-

layer design that jointly adapts the video server and the base station. In this

Chapter, we incorporate video quality based optimization into the network

without requiring a cross-layer design. We, instead, propose estimating and

communicating packet loss visibility and use that measure to optimize video

quality. At the cost of few additional bits per packet, video quality-based op-

timization is enabled by prioritizing video packets at the PHY layer based on

perceptual relevance.

The response to video packet losses and distortions is inherently un-

equal due to the features of state-of-the-art video codecs (e.g. [4, 11]) such

as inter-frame coding, motion compensation, and error concealment. For ex-

ample, inter-frame coding introduces packet dependencies in the temporal do-

main, thus causing different error propagation patterns, and increasing the

loss visibility variability. Furthermore, the non-uniform motion across dif-

ferent spatial locations causes loss visibility to be unequal across slices and

dependent on the error concealment method. Video packet loss visibility cap-

tures this unequal response by training a statistical model that maps a set of

features per packet to a measure of visibility of that packet loss. More for-
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mally, video packet loss visibility is defined as the probability that the artifact

due to the loss of a given packet is visible to the average user. The objective

of loss visibility modeling and estimation (e.g. [56, 61]) is to find the model

that best correlates the loss visibility estimate with the results reported by

viewers through subjective tests, thus naturally capturing the user percep-

tion. Quantizing the loss visibility side information and embedding it into the

packet headers enables an inexpensive and effective tool for perceptual quality

optimization.

Advanced PHY layer designs, such as multiple-input multiple-output

(MIMO) processing, have become an integral part of state-of-the-art wire-

less standards such as 3GPP Long Term Evolution (LTE) and IEEE 802.11n,

which deliver the bulk of stored and real-time video traffic. In this Chapter,

we leverage the spatial degrees of freedom of the MIMO channel to map video

packets to MIMO subchannels based on channel quality and packet loss vis-

ibility. In short, the proposed technique makes use of the unequal gains of

MIMO substreams to provide unequal protection of video packets resulting in

a video quality gain. Jointly, unequal modulation is leveraged on the better

streams, resulting in a throughput gain and timely delivery of perceptually rel-

evant packets. Consequently, packet prioritization is achieved both in terms of

reliability and rate. The major contributions in this Chapter are summarized

as follows.
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3.1.1 Contributions

3.1.1.1 Low overhead video-aware PHY optimization

We propose a new low overhead architecture for real-time video trans-

mission to mitigate channel-induced video distortions. Our proposed archi-

tecture uses quantized loss visibility scores embedded in the packet header at

the expense of only few extra bits per packet while avoiding a complex cross-

layer design. We argue that the loss visibility scores of buffered video packets

is not sufficient to fully capture the loss visibility variability since real-time

video only supports small buffers. Thus, we also estimate the loss visibility

distribution inexpensively to capture this variability and provide a notion of

relative packet importance that is used in optimizing transmission decisions.

3.1.1.2 Packet prioritization for high quality and low latency

At the PHY layer, we propose to use the loss visibility values to classify

video packets into different priority classes. To optimize the loss visibility-

based transmission policy for high video quality and low latency, we define

an optimization metric that generalizes the conventional notion of throughput

by weighting each packet in the optimization objective by its loss visibility.

Since loss visibility reflects the visual perception of a corresponding packet

loss, our optimization metric is a proxy for the total perceptual value of packets

successfully delivered per unit time. Given the proposed objective function that

enables joint optimization of video quality and latency, we derive optimized

PHY layer packet prioritization schemes. We emphasize that the proposed
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metric is used for optimization rather than evaluation of the algorithm. For

assessment of video quality gains, we use objective video quality metrics.

3.1.1.3 Loss visibility optimized MIMO precoding

For a MIMO system, each class of packets is transmitted through a dif-

ferent spatial stream corresponding to a decomposed subchannel of the MIMO

channel. We derive the optimal packet-stream mapping that maximizes the

loss visibility weighted throughput objective. The solution can be summarized

as follows: (1) The MIMO channel is decomposed into parallel streams, (2) the

per-stream transmission rate, i.e. modulation order, is chosen to maximize the

corresponding throughput per stream, (3) the spatial streams are ordered by

their probability of packet error, a function of both the per-stream SNRs and

(potentially unequal) modulation orders, (4) the packets are classified accord-

ing to a thresholding policy whereby higher priority packets are mapped to

high order streams as defined by the ordering in 3. The optimal thresholding

policy is such that the load is balanced across streams based on the fraction

of packet per priority class, the modulation order per stream, and the retrans-

mission overhead. We show that the solution enables jointly reaping gains in

terms of improved video quality and lower latency: A packet prioritization gain

results from transmission of more relevant packets over more reliable streams

and an unequal modulation gain results from opportunistically increasing the

transmission rate on the stronger streams to enable low latency delivery of

high priority packets.
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3.1.1.4 Mode adaptation and limited feedback

We further enhance our algorithm by adapting the MIMO mode corre-

sponding to the number of spatial streams in a manner that jointly captures

video quality and throughput maximization. If the loss visibility distribution

characterizes a source with high variability, a higher mode is preferable to pro-

vide prioritized delivery by adding more packets classes under good channel

conditions. Conversely, if the variability in packet importance is low, then the

contribution of packet prioritization is minimal and reliable delivery with a

smaller number of spatial streams may be preferred. Thus, our proposed ap-

proach adapts mode selection according to both the video source and channel

conditions. We also extend our Algorithm to codebook-based limited feedback

systems where the channel state information is quantized at the receiver and

fed back to the transmitter.

3.1.2 Related Work

We review related work on loss visibility estimation and modeling, loss

visibility based optimization, and adaptive MIMO transmission for video con-

tent. In [56], a generalized linear model is proposed for video packet loss visi-

bility modeling considering factors within a packet and its vicinity to capture

the temporal and spatial distortions. The bag of features used to estimate loss

visibility is versatile by being applicable over a range of encoding standards,

GoP structures, and error concealment methods. Some features such as mo-

tion magnitude, motion variance, distance from scene cut, and camera motion
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capture the video source properties. Other features such as initial structural

similarity index (SSIM), maximum per-macroblock (MB) mean square error

(MSE), and spatial extent capture the distortions caused by the loss in spatial

domain. Temporal error propagation is also captured through features related

to the number of frames affected by the loss, distance to reference frame, error

concealment method, and other scene loss concealment. The generalized lin-

ear model using these features is fit based on subjective tests. Other related

loss visibility modeling approaches can be found in [61] and [62]. Besides the

regression-based methods, [61] proposes a classification-based approach using

a statistical tool called classification and regression trees (CART) to classify

each packet loss as visible or invisible. The proposed loss visibility model is

applied in [63] for selecting unequal coding rates for different slices and for

resource allocation in an OFDM system.

In this Chapter, we propose a generic framework that allows using loss

visibility models to optimize transmission policies at the PHY and MAC pro-

tocol layers. Specifically, we apply the generalized linear modeling approach in

[56] for loss visibility estimation of H.264-encoded sequences due to its versa-

tility and high classification accuracy. We further argue that the loss visibility

distribution provides a notion of relative packet importance for real-time video

where only a small number of packets are buffered, and thus, we propose

to inexpensively estimate and update the distribution using non-parametric

learning, and subsequently use it in loss visibility based adaptation.

For scalable video sequences, the loss visibility varies significantly across
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temporal, spatial, and quality layers. Estimating the average loss visibility of

packets from each scalable video layer is addressed in [34–36]. Online learning

is used to specify the maximum fraction of packet losses from each layer to

meet a target video quality. The online algorithm uses local linear regression

to estimate the video quality loss due to packet losses from a specific video

layer. Based on the ACK history information, the local linear regression fit

is updated and the unequal protection levels are estimated continuously over

time. Adjusting the learning window provides a tradeoff between factual esti-

mation of loss visibility and finer adaptation to the changing video temporal

characteristics.

While loss visibility-based adaptation approaches are not heavily in-

vestigated in the literature, other adaptive video transmission techniques such

as joint source-channel coding (JSCC) [36, 50–52], unequal error protection

(UEP) [34, 53, 54], and prioritized scheduling [55], and distortion-aware re-

source allocation [64, 65] have been proposed to increase video quality and

error resilience. Previous work, however, does not present a generic frame-

work for incorporating loss visibility-based decisions into wireless networks.

To the best of our knowledge, this is the first comprehensive work that defines

a generic cross-layer design for using loss visibility in wireless networks, devel-

ops MIMO transmission strategies for prioritized delay-sensitive video delivery,

and derives corresponding closed-form gain expressions.

Adaptive MIMO transmission for video content has been investigated

in [32, 33, 66–69]. In [66], a cross-layer framework for MIMO video broad-
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cast is proposed by allocating scalable video layers to the end-users jointly

with precoder computation to ensure that delay and buffer constraints are

met. In [67], a layered video transmission scheme over MIMO is proposed. It

periodically switches each bit stream among multiple antennas to match the

ordering of subchannel SNRs, thus providing prioritized delivery. In [68], a

method is proposed to adaptively control the diversity and multiplexing gain

of a MIMO system to minimize the cumulative video distortion and satisfy

delay constraints. Finally, in [69], distortion-aware MIMO link adaptation

techniques are proposed for MCS and MIMO mode selection. Since [66, 67]

are only applicable to scalable video coded bitstreams, the application scope of

the proposed techniques is limited as the majority of current video content is

non-scalable. Furthermore, [68, 69] relies on rate-distortion information which

is typically not available for real-time encoded or transcoded video.

3.1.3 Organization

The remainder of the Chapter is organized as follows. Section 3.2 de-

scribes the system model. Section 3.3 illustrates loss visibility estimation and

the framework for loss visibility based optimization. Section 3.4 formulates

and solves the loss visibility based prioritized video transmission problem over

MIMO channels, and presents the corresponding algorithm. Section 3.5 ana-

lyzes the video quality and throughput gains from packet prioritization. Sec-

tion 3.6 presents simulation results to assess the gains on H.264 encoded video

sequences. Finally, Section 3.7 summarizes the chapter and Section 3.8 pro-
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vides the proofs of the key results.

3.2 System Model

This section introduces the proposed MIMO system model that enables

loss visibility-based packet prioritization as well as the model for the APP,

MAC, and PHY layers.

3.2.1 Prioritized MIMO Transmission

Consider P packets buffered for transmission where packet p is repre-

sented as sp = [sp[1], · · · , sp[b(sp)]] where b(sp) is the number of QAM sym-

bols. The vector of symbols corresponding to all buffered packets is denoted

s = [s1, · · · , sP ]T .

Consider a narrowband MIMO wireless system with Nt transmit an-

tennas and Nr receive antennas. The system uses S spatial streams where

S ≤ min(Nt, Nr) and each stream corresponds to a stream of constellation

symbols. Our general framework enables the size of the constellation to vary

per substream, as well as the number of substreams, known as mode adapta-

tion. Thus, we have 1 ≤ S ≤ min(Nt, Nr). Linear precoding enables mapping

a symbol vector from each spatial stream to an Nt-dimensional spatial signal

using an Nt × S linear precoding matrix FS. The spatial signal encounters

a channel matrix H and an additive noise vector n with elements each dis-

tributed according to CN(0,N0). The corresponding input-output relationship

is
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y[i] =

√
Es

Nt

HFST[i]s+ n[i] (3.1)

where y[i] is the received signal and T[i] is an interleaver matrix that deter-

mines the mapping between symbols and spatial streams in the ith channel use

and is proposed to enable loss visibility-based prioritized transmission. Note

that T[i] has dimensions Nt×
∑

p b(sp). Conventionally, in the absence of loss

visibility information, the symbols are transmitted sequentially. Thus, the

interleaver for the ith channel use can be represented mathematically as

T[i] =
[
0Nt,(i−1)Nt | INt | 0Nt,

∑
p b(sp)−iNt

]
(3.2)

where 0m,n is an all zeros m× n matrix and Im is an m×m identity matrix.

We propose designing an interleaver matrix that provides packet prioritiza-

tion based on loss visibility. Consider a classification policy whereby a set of

packets Vm is classified into priority level m corresponding to packets trans-

mitted through spatial stream m. The following interleaver design ensures

that packets p ∈ Vm are transmitted through stream m

T[1]m,n =

{
1 if n = 1 +

∑m−1
j=1

∑
p∈Vm

b(sp)

0 otherwise .

T[i+ 1] =
[
0Nt,1 | T[i]1:Nt,1:

∑
p b(sp)−1

]
. (3.3)

For practical signal processing purposes, the interleaver matrix in (3.3) is up-

dated inexpensively by “sliding” the interleaver from the previous channel use.
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Figure 3.1: Illustration of the proposed precoder and interleaver design for
packet prioritization over MIMO channels.

The resulting mapping is illustrated in Figure 3.1 and the physical interpreta-

tion of the process is that high priority are sent over the more reliable MIMO

subchannels.

Given the simple interleaving procedure in (3.3) that enables packet

prioritization, the main question we address in subsequent sections is how

to determine the classification policy, i.e., given a set of P packets with loss

visibility values {v(p)}Pp=1, how to determine the priority sets Vi to maximize

a video quality-based utility function.

3.2.2 Precoder Design

The matrixHFS can be thought of as an effective channel. The receiver

decodes y using this effective channel and a zero forcing receiver. We assume

a block-fading model whereby the channel realization H is fixed over a set of

packets P and then independently takes a new realization. All the transmission

decisions are adapted every channel coherence time which could be as small as

one packet duration, i.e., P ≥ 1, thus being applicable over a range of mobility

scenarios. For a zero forcing receiver, it is shown in [70] that the SNR on the
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ith stream is

γi(H) =
Es

N0

1

[F∗
SH

∗HFS]
−1
i,i

· (3.4)

We consider both cases of perfect and imperfect transmitter channel state in-

formation (CSIT). In both scenarios, we assume that the feedback delay is

negligible and the transmitter and receiver are fully synchronized. With per-

fect CSIT, the MIMO channel can be converted to parallel, noninterfering

single-input single-output (SISO) channels through a singular value decom-

position (SVD) of the channel matrix [71]. We consider unitary precoding

whereby the columns of FS are restricted to be orthogonal. While this could

be further generalized to a non-unitary power constraint, we note that using

the unitary constraint along with multimode precoding results in near optimal

capacity performance [72]. Thus, we create FS from a normalized version of

the right singular vectors of H as follows

FS =
1√
S
[V]:,1:S (3.5)

where H = UΣV∗ is the singular value decomposition of H. Under the pre-

coding structure in (3), the SNR for the ith stream simplifies to

γi(H) =
Es

N0

σ2
i

S
(3.6)

92



{Video 

Encoder

P
re

co
d

e
r

M
1
QAM

Modulator

M
2
QAM

Modulator

M
S
QAM

Modulator

Video packets +

 Side information

..
..

..
.. ..
..

..
..

1

2

S

1

2

N
t

v(p)

p

C
o

m
b

in
e

r ..
..

1

2

N
r

..
..

1

2

S

M
1
QAM

De-map

M
2
QAM

De-map

M
S
QAM

De-map

..
..

Channel Estimation

C
h

a
n

n
e

l

M
u

ltip
le

xe
r

Viterbi

Decoder

Video

Decoder

FEC 

Encoder

Video rate R

(p,v(p))

...

Retransmission

Request

Retransmission

Control

P
a

ck
e

t

P
ri

o
ri

ti
za

ti
o

n
 D

e
m

u
x

ACK/

NACK

Compute Optimal

Thresholding Policy

Select per-stream

Mod.  Orders 

Select 

Code Rate

APP Layer MAC Layer PHY Layer

Transmitter
Receiver

......

{ {Block of packets Block of packets

Video Feature

Extraction

Loss Visibility 

Estimator
Post-encoding

features

Pre-encoding

features

LV Distribution

Estimation

Select 

Mode

Figure 3.2: System block diagram.

where σi is the ith singular value of H. For quantized CSIT, the receiver

chooses a precoding matrix FS from a codebook FS consisting of a finite set

of precoding matrices. There are log2(|FS|) = BS bits of feedback used to

convey the index of the chosen precoding matrix back to the transmitter if S

spatial streams is used. For simulations, the codebook FS is designed using

Grassmannian subspace packing with the chordal subspace distance measure

as described in [73]. The criterion for selecting the precoder at the receiver is

to maximize the minimum singular value, that is, FS = argmaxF∈F λmin(HF).

3.2.3 Modulation, Coding, and Retransmission

We apply unequal modulation per stream. The data through stream i

is modulated with a QAM constellation of size Mi ∈ M resulting in a data rate

Ri = Blog2Mi. Each constellation is normalized such that the average symbol

energy is unity. For a given channel realization, the vector of modulation
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schemes is denoted M = {Mi}i=S
i=1 . The set of channel coding rates is C and

the data through all streams are coded with coding rate C ∈ C.

The probability of packet error through stream i conditioning on the

modulation scheme Mi, the coding rate C, and the ith post-processing SNR

γi(H) is denoted αi = PER(Mi, C, γi(H)). While we use the notation αi for

brevity, the dependence on the modulation order, coding rate, and SNR is im-

plied. The uncoded M-QAM error probability expressions PERuncoded(M,γ)

are provided in the literature (e.g. [74]). Given a set of channel codes C,

we estimate the coding gain of each particular code as follows. The PER

waterfall curve for each MCS PERuncoded(Mi, C, γi(H)) is estimated through

Monte-Carlo simulations. Then, the estimated coding gain is the value g(C)

that provides the best fit with the translated uncoded expressions, i.e. g(C) =

argmin ∥ PER(M,C,γ))− PERuncoded(M,γ + g(C)) ∥ where γ is a represen-

tative vector of SNR values. It follows that the coded PER expression can be

approximated as PER(Mi, C, γi(H)) ≈ PERuncoded(Mi, γi(H) + g(C)) for each

coding rate.

Retransmission with a finite retransmission limit is applied in the sys-

tem to enable high reliability. Given a retransmission limit of L retransmis-

sions, determined by the MAC protocol, the number of retransmissions fol-

lows a truncated geometric distribution assuming the channel is fixed during

retransmission. Thus, the mean number of transmissions through stream i is
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ri =
L+1∑
k=1

k(1− αi)α
k−1
i + (L+ 1)αL+1

i =
1− αL+1

i

1− αi

(3.7)

since (1− αi)α
k−1
i is the probability of success in k transmissions and αL+1

i is

the post-retransmission failure probability. We define the post-retransmission

probability of successful packet delivery through stream i as

psuccessi = 1− αL+1
i . (3.8)

The complete system block diagram including APP layer loss visibility estima-

tion, MAC layer retransmissions and PHY layer packet prioritization is shown

in Figure 4.1.

3.3 Loss Visibility Estimation and Loss Visibility-based
Optimization

In this section, we first present background on loss visibility estimation

and present a framework for using loss visibility side information to charac-

terize the video content. We further propose an optimization metric that uses

loss visibility to jointly maximize video quality and network throughput.

3.3.1 Background: Loss Visibility Estimation

The objective of loss visibility estimation is to associate a packet p

with a value v(sp) ranging from 0 to 1 and indicating the loss visibility of the

packet. A value v(sp) = 0 indicates that losing packet p does not have a visible
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impact on the end video quality whereas a value v(sp) = 1 indicates that the

loss of packet p will certainly be visible. A PHY packet is composed of one or

more slices. If the PHY packet is composed of multiple slices, the packet loss

visibility is the mean of the individual slice visibility.

To estimate the loss visibility of APP layer slices, we use the generalized

linear model (GLM) approach proposed in [56]. We extract video features both

from the raw video reference as well as the encoded bitstream. We note that,

for real-time video transmission, the raw video is available at the server since

encoding is done in real-time. A video frame is divided into a set of slices,

each corresponding to horizontal group of MBs. We apply forward motion

estimation to each MB to estimate the motion magnitude for each MB and

compute the slice motion magnitude as the average per-MB motion magnitude.

The residual energy for each MB is computed from the corresponding motion-

compensated residual signal. By thresholding the average motion in the entire

video frame, we detect if the scene consists of a still background or if there

is camera motion. In addition to these features, we extract features from

the encoded bitstream. Specifically, based on the frame type and the inter-

frame prediction settings, we flag each packet as affecting one or multiple

frames. To capture spatial-domain distortions, we further compute the initial

SSIM feature corresponding to the SSIM in the frame affected by the loss, and

max initial mean square error (IMSE) representing maximum per-MB MSE in

the same frame. For videos sequences with multiple scenes, we detect scene

cuts and use that to flag packets concealed using a reference corresponding a
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previous scene for which losses are more visible. We also flag packets before

scene cuts for which losses will be barely visible. Scene cuts are detected

simply by comparing the residual energy between each two consecutive frames

to a preset threshold. While other features are defined in [56], subjective tests

show that only the ones mentioned above have high (positive or negative)

correlation with loss visibility as reported by viewers. Using all these features,

we use the following logistic regression model for loss visibility estimation

log

(
v(sp)

1− v(sp)

)
= β0 +

F∑
i=1

βixpi (3.9)

where β = {β0, β1, · · · , βF} are the intercept and the coefficients associated

with the different features. We use the coefficients as reported in Table IV in

[56]. We assume the loss visibility v(sp) of packet p is communicated to the

physical layer through the packet header and deep packet inspection can be

performed at the network edge to extract the loss visibility.

Our system model allows for unequal packet sizes and the packet value

v(sp) and the packet size b(sp) may in general be correlated, as is the case

in practice. We assume, however, that if v(s1) > v(s2), then b(s1) > b(s2).

This is typically the case since low visibility packets (e.g. B frame packets)

are predictively encoded, and thus compressed more efficiently.
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3.3.2 Loss Visibility Distribution Estimation

Over a sufficiently long timescale, the distribution of the loss visibil-

ity values characterizes the video source and the codec. For instance, a GoP

structure IBPBP · · · results in a larger concentration of low visibility packets

than IPPPP · · · . Thus, we estimate the loss visibility distribution to be used

in packet classification. We propose to estimate the loss visibility distribution

using kernel density estimation (KDE) [75], update it using the values of in-

coming packets, and use it to derive the optimal packet prioritization policy.

With KDE, the density estimate at 0 ≤ x ≤ 1, denoted by f̂v(x), is

f̂v(x) =
1

W

W∑
i=1

Kh(x− v(sp−i)) =
1

Wh

W∑
i=1

K

(
x− v(sp−i)

h

)
(3.10)

where W is the window corresponding to the number of packets over which the

estimate is obtained and Kh(·) is a kernel with smoothing parameter h > 0.

Adjusting the kernel density estimation window W and smoothing parameter

h provides a bias/variance tradeoff between factual estimation of the loss vis-

ibility and fine adaptation to changing video characteristics. The distribution

is inexpensive to compute and update as it only consists of a linear operations.

The main advantage of using the loss visibility distribution is that for

real-time video, where large buffers are not available, the buffered packet values

are not fully representative of the loss visibility variability. Thus, the loss

visibility distribution is used instead to capture this variability and provide a

notion of relative packet importance.
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3.3.3 Loss Visibility-Weighted Throughput: An Optimization Met-
ric

To jointly capture the two desirable objectives of high video quality and

low latency video delivery, we propose optimizing throughput weighted by per-

packet loss visibility. This generalizes the conventional notion of throughput to

unequally important packets. Maximizing loss visibility-weighted throughput

is equivalent to maximizing the total perceptual value of packets successfully

delivered per unit time. This enables composite gains in perceived video quality

and throughput. The loss visibility-weighted throughput expression is

WT =

∑
v q

success(v)v

t(H,M, C, {Vi}Si=1)
(3.11)

where qsuccess(v) is the probability that a packet with loss visibility v is suc-

cessfully delivered (after potential retransmission), and t(H,M, {Vi}Si=1) is the

time to transmit the packets given the packet-stream mapping {Vi}Si=1, the

channel matrix H, modulation orders M, and the coding rate C. The depen-

dence of the success probability on the packet values is intended to capture

general unequal error protection policies. In the proposed packet prioritization

policy presented in §3.2.1, the expression reduces to

WT prioritized =

∑S
i=1 p

success
i (γi(H),M, C)

∑
v∈Vi

v

maxi ti(γi(H),Mi, C,Vi)
(3.12)

since qsuccess(v) = psuccessi (γi(H),M, C) = 1 − αL+1
i is the probability of post-

retransmission successful packet delivery defined in (3.8) if v ∈ Vi. Alterna-
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tively, for the baseline where no loss visibility side information is used, the loss

visibility-weighted throughput expression is

WT baseline =
psuccessbaseline(H,M, C)

∑
v∈∪iVi

v

t(H,M, C)
(3.13)

where psuccessbaseline(H,M, C) = 1 − αL+1
baseline for the baseline case whereby each

packet is multiplexed over all streams. We note that packet error rate in the

baseline case αbaseline and the prioritized transmission case αi can be related as

follows. Consider a packet of b QAM symbols with a symbol error rate SERi

through stream i, in the prioritized transmission scenario, the packet error

rate corresponding to transmission through stream i is αi = 1− (1− SERi)
b.

Alternatively, without packet prioritization, the packet is transmitted over b/S

channel uses through all streams and the corresponding packet error rate is

αbaseline = 1−
∏

i (1− SERi)
b/S. Substituting for αi, we obtain

αbaseline = 1−
S∏

i=1

(1− αi)
1/S. (3.14)

3.4 Loss Visibility-based Packet Prioritization

In this section, the prioritized video transmission problem over MIMO

channels is formulated and the optimal packet prioritization policy that max-

imizes the loss visibility-weighted throughput is derived.
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3.4.1 Problem Formulation

We propose to solve the problem

max{Vi},M,C,S WT prioritized({Vi},M, C, S) (3.15)

s.t. ∪S
i=1Vi = [0, 1] (3.16)

Mi ∈ M ∀i = 1, · · · , S; C ∈ C. (3.17)

The objective is to select the number of packet classes S and the classification

policy determining the mapping of the set of packets Vi to spatial stream i, as

well as the modulation orders M and the coding rate C such that the weighted

throughput objective is maximized.

Table 3.1: Chapter 3 commonly used notation
Nt Number of transmit antennas
Nr Number of receive antennas
S Number of spatial streams

fv(v) Packet loss visibility distribution
Vi Cumulative loss visibility values of class i packets
v̂i Loss visibility threshold between stream i and i− 1

v̂ = {v̂i}Si=2 Vector of loss visibility thresholds

γi(H) Post-processing SNR on ith stream
ti Mean time to transmit a class i packet

M = {Mi}i=S
i=1 , Mi ∈ M Vector of modulation schemes per stream

Ri = B log2(Mi) Data rate on stream i
C ∈ C Coding rate

αi = PER(Mi, C, γi(H)) PER for packets transmitted through stream i
αbaseline = PER(Mi, C, γi(H)) PER for packets multiplexed through all streams (baseline)

psuccessi = 1− αL+1
i Post-retx. success probability through stream i

psuccessbaseline = 1− αL+1
baseline Post-retx. success probability for the baseline

ri Average number of retransmissions for stream i packets
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3.4.2 Stream Ordering

First, we show that the set Vi that maximizes the proposed weighted

throughput objective has a simple form obtained by ordering the spatial streams

by the corresponding probability of error and mapping the packets onto the

ordered streams according to a set of thresholds.

Lemma 4. The optimal packet-stream mapping is such that Vi has the form

Vi = [v̂i, v̂i+1] where ∪S
i=1Vi = [0, 1]. Furthermore, for any two packets s1 and

s2 s.t. v(s1) < v(s2), s1 ∈ Vi and s2 ∈ Vk where psuccessi ≤ psuccessk . It follows

that the streams should be ordered by the probability of success psuccessi ≤ psuccessi+1 .

Proof. See Appendix 3.8.1.

Note that the ordering in Lemma 4 captures the effect of modulation,

coding, retransmission, and channel state because psuccessi is a function of Mi,

C, r, and γ(H). In fact, the result represents a generalization of SNR ordering

to the case of unequal modulation per stream.

The classification policy reduces into a thresholding policy completely

determined by the vector of thresholds v̂ = {v̂i}i=S+1
i=1 . Furthermore, the con-

straint in (4.14) can be rewritten as 0 ≤ v̂i ≤ v̂i+1 ≤ 1 where v̂1 = 0 and

v̂S+1 = 1 by definition. Thus, we have

WT prioritized =

∑S
i=1 p

success
i (γi(H),M, C)

∑
p∈Vi

v(sp)

maxi ti(γi(H),Mi, C,Vi)
. (3.18)
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Now, we expand (3.18) by writing ti(γi(H),Mi, C,Vi) in terms of the respective

parameters. The time to transmit a packet through stream i is b(sp)(1 −

αL+1
i )/(CRi(1−αi)) where b(sp) is the size of packet p. Taking the expectation

over class i packets, we obtain

ti(γi(H),Mi, C,Vi) = E
[
b(sp)(1− αL+1

i )

CRi(1− αi)

]
(Fv(v̂i+1)− Fv(v̂i))

=
E[b(sp)](1− αL+1

i )

CRi(1− αi)
(Fv(v̂i+1)− Fv(v̂i)) (3.19)

where E[b(sp)] is the mean packet size. Thus, the weighted throughput expres-

sion is

WT prioritized=

[∑S
i=1 (1− αL+1

i )
∫ v̂i+1

v̂i
vfv(v)dv

]
E[b(sp)]maxi

{
(Fv(v̂i+1)−Fv(v̂i))(1−αL+1

i )

CRi(1−αi)

} (3.20)

=
CRĩ(1− αĩ)

E[b(sp)](1− αL+1
ĩ

)︸ ︷︷ ︸
Throughput component

∑S
i=1 (1− αL+1

i )
∫ v̂i+1

v̂i
vfv(v)dv

(Fv(v̂ĩ+1)− Fv(v̂ĩ))︸ ︷︷ ︸
Video quality component

(3.21)

where ĩ = argmaxi{(Fv(v̂i+1) − Fv(v̂i))(1 − αL+1
i )/CRi(1 − αi)} denotes the

stream with the longest transmission time on average.

3.4.3 Optimal Thresholding Policy: A Load Balancing Solution

In this section, we derive the optimal thresholding policy v̂∗ for any

continuous loss visibility distribution given the optimal ordering in §3.4.2.
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In Lemmas 5 and 6, we derive properties of the gradient ∂WT prioritized/∂v̂i

that will be used to find the thresholds v̂i that maximize the weighted through-

put expression in Theorem 4.

Lemma 5. If the streams are ordered by the post-retransmission success proba-

bility, i.e., psuccessi ≤ psuccessi+1 ∀i = 1, · · · , Ns−1, then the gradient ∂WT prioritized/∂v̂i

satisfies the following properties:

1. ∂WT prioritized/∂v̂ĩ ≥ 0 where ĩ = argmax ti

2. ∂WT prioritized/∂v̂i ≤ 0 ∀i ̸= ĩ

Proof. See Appendix 3.8.2.

We use Lemma 5 to derive a more general condition on the behavior of

the gradient for the case where ∃j̃ ̸= ĩ s.t. ĩ = j̃ = argmax ti, i.e., more than

one stream have the same average transmission time. This extension will be

key to proving the result in Theorem 4.

Lemma 6. Define I = {argmax ti}. If {v̂i; i ∈ I or i − 1 ∈ I} are jointly

scaled to keep I fixed, then

1. ∂WT prioritized/∂v̂i ≥ 0 if i ∈ I and i− 1 ̸∈ I

2. ∂WT prioritized/∂v̂i ≤ 0 if i ̸∈ I and i− 1 ∈ I

Proof. See Appendix 3.8.3.
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Theorem 4 provides the optimal thresholding policy among streams

and applies for any continuous loss visibility distribution obtained using kernel

density estimation based on (3.10).

Theorem 4. Thresholding Policy: The optimal loss visibility thresholds

v̂∗ = {v̂∗i }Si=2 satisfy

Fv(v̂
∗
i+1)− Fv(v̂

∗
i ) =

Ri/ri∑S
j=1Rj/rj

∀i = 1, · · · , S (3.22)

where ri = (1− αL+1
i )/(1− αi).

Proof. See Appendix 3.8.4.

The solution is such that the post-retransmission throughput is equal

among streams. Thus, the thresholds are selected to balance the load among

spatial streams in proportion to the achievable throughput on each stream and

the corresponding fraction of packets in each of the S classes. Correspondingly,

the solution is referred to as the load balancing solution.

Figure 3.3 illustrates the result for a specific channel realization and

the Foreman video sequence. First, we show the loss visibility distribution

obtained using kernel density estimation. Next, the MIMO channel is de-

composed to obtain γ(H). Based on the SNR per stream, the throughput-

maximizing constellation is chosen per stream. Given the loss visibility distri-

bution, the constellation order, and the corresponding packet error rate, the

set of thresholds are determined. The most prominent result in Figure 3.3
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is that the high priority packet are sent with higher reliability (lower packet

error rate / retransmission overhead) and lower latency (higher order constel-

lation). Thus, utilizing the MIMO channel structure in the manner proposed

enables both less errors and lower latency for the video packets that matter

most making it particularly suitable for real-time video.

We further emphasize the cross-layer nature of the solution based on

the components of (3.22) in the following three aspects:

1. Non-uniform loss visibility distribution (APP): The loss visibility thresh-

olds are selected to balance the fraction of packets through each stream

based on the loss visibility distribution. In Figure 3.3, this can be seen

on the second stream where v̂3− v̂2 is made small enough to compensate

for the larger concentration of medium priority packets so that the load

is balanced among streams.

2. Unequal modulation per stream (PHY): If the SNR on spatial stream i

allows supporting a higher modulation order Mi, the fraction of packets

through stream i is increased accordingly. In Figure 3.3, this can be seen

on the uppermost stream.

3. Retransmission overhead (MAC): If a particularly low SNR on spatial

stream i incurs a large retransmission overhead ri, the fraction of packets

through stream i is reduced accordingly. In Figure 3.3, this can be seen

on the lowermost stream.
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Under the load balancing solution in Theorem 4, we have

WT prioritized =
C

E[b(sp)]

S∑
i=1

1− αi

1− αL+1
i

Ri︸ ︷︷ ︸
Post−retx sum throughput

[
S∑

i=1

(1− αL+1
i )

∫ v̂i+1

v̂i

vfv(v)dv

]
︸ ︷︷ ︸

Loss−penalized quality measure

.

(3.23)

We note that for the special case of full retransmission, i.e., L = ∞ ∀i, (3.23)

reduces to the sum throughput as follows

WT prioritized =
C

E[b(sp)]

S∑
i=1

(1− αi)Ri. (3.24)

In this limiting case, where infinite retransmissions are allowed, all packets are

eventually delivered reliably and providing packet prioritization on the basis

of video quality becomes obsolete. Thus, the objective function reduces to

throughput optimization.

3.4.4 MIMO Mode Selection, Link Adaptation, and Source Rate
Adaptation

In this section, we discuss the selection of the modulation order per

stream, the coding rate, and the MIMO mode to optimize the target objective.

The MIMO mode controls the number of priority levels and is dynamically op-

timized to provide the best tradeoff between high source rate and low channel

distortion. Jointly with mode adaptation, source rate adaptation is driven by

the client by estimating the end-to-end throughput based on the transmission

rate.
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3.4.4.1 Link adaptation

Link adaptation enables adapting the modulation and coding to the

channel conditions. We optimize the modulation and coding order to maximize

the throughput component of (3.23). Thus, we have

{M∗, C∗}=argmaxMi∈M,C∈C

{
C
∑
i

1− αi(γi,Mi, C)

1− αi(γi,Mi, C)L+1
Ri

}

=argmaxC∈C

{
C
∑
i

argmaxMi∈M,C∈C

{
1− αi(γi,Mi, C)

1− αi(γi,Mi, C)L+1
Ri

}}
.

Thus, the optimal modulation and coding combination can be found in the

following two steps. First, for any given code rate, a corresponding set of

modulation orders per stream are selected as follows

M̃i(C) = argmaxMi∈M

{
1− αi(γi,Mi, C)

1− αi(γi,Mi, C)L+1
Ri

}
. (3.25)

Next, given {M̃i(C)}Si=1 for every C ∈ C, we select the optimal code rate and

the corresponding optimal modulation order per stream as follows

C∗ = argmaxC∈C

{
C
∑
i

log2 M̃i(C)
1− αi(γi,Mi, C)

1− αi(γi,Mi, C)L+1

}
,

M∗
i = M̃i(C

∗) and R∗
i = B log2(M

∗
i ).

Substituting {M∗, C∗} into (3.23), we obtain
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WT prioritized =
C∗

E[b(sp)]

S∑
i=1

1− αi

1− αL+1
i

R∗
i

[
S∑

i=1

(1− αL+1
i )

∫ v̂i+1

v̂i

vfv(v)dv

]
.

(3.26)

3.4.4.2 Mode Adaptation

Practical MIMO link adaptation should include a mechanism for switching

the mode, i.e., number of spatial streams based on channel state matrix H

to optimize system performance and provide a suitable diversity-multiplexing

tradeoff. This allows a continuum of operating points that provide different

data rate and reliability combinations from single stream beamforming to full

spatial multiplexing. The MIMO mode selection criterion is intended to cap-

ture video quality as well as throughput. For instance, if the loss visibility

distribution experiences higher variability, it may be preferable to use more

streams to provide prioritized delivery by adding more packets classes if the

channel quality is good. On the other hand, if the variability in packet im-

portance is low, then the contribution of packet prioritization is minimal and

reliable delivery with a smaller number of spatial streams may be preferred.

Thus, mode selection can adapt according to the video source in a content-

aware manner. Consequently, the mode selection criterion is to maximize the

weighted throughput expression, that is,

S∗ =

{
argmax WT prioritized(v̂

∗,M, C, S) s.t. C∗
S∑

i=1

1− αi

1− αL+1
i

R∗
i > R

}
(3.27)
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whereR is the video source rate. The constraint C∗∑S
i=1 (1− αi)R

∗
i /(1− αL+1

i ) >

R ensures the throughput with the selected mode at least matches the rate of

the video to ensure so the wireless link can serve the requirements the video

source.

3.4.4.3 Source Rate Adaptation

Based on the throughput supported by the application layer, we adapt

the rate of the video source by adjusting the quantization parameters of the

DCT coefficients to minimize the source distortions.

To jointly adapt the rate of the source, we use the corresponding end-

to-end throughput, which is a function of the MIMO mode and per-stream

modulation orders to adapt the source rate every channel coherence time.

Thus, we select the smallest quantization parameter that does not violate the

constraint

C∗
S∑

i=1

1− αi

1− αL+1
i

R∗
i > R. (3.28)

3.4.5 Loss Visibility Optimized Video Transmission Algorithm

In this section, we describe the proposed algorithm for loss visibility-

optimized video transmission over MIMO systems which involves selecting the

optimal thresholding policy and the MCS per stream given the post-processing

SNRs corresponding to the MIMO channel decomposition.
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The algorithmic description is provided in Algorithm 3. Given a cer-

tain number of spatial streams S, the corresponding precoder FS is computed

to maximize the minimum singular value. The corresponding post-processing

SNRs per stream are computed. The modulation orders are selected to max-

imize the per-stream throughput and the coding rate is selected to maximize

the overall throughput.

The streams are ordered according to the post-retransmission success

probability. Given the modulation orders per stream and the loss visibility dis-

tribution, the optimal thresholding policy is computed according to Theorem

4. This determines the values of the thresholds for transmission through each

stream. After the process is repeated for each mode, the mode that maximizes

the objective function and supports the video source rate is chosen according

to (3.27). The block of packets corresponding to a channel coherence time are

transmitted according to the selected MCSs, thresholding policy, and MIMO

mode. Given the values of the incoming packets, the estimated loss visibil-

ity distribution is updated using kernel density estimation at each channel

coherence time.
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Algorithm 3 Loss Visibility Optimized Video Transmission over MIMO.
Given channel state H
for i = 1 → S do

Step 1. Precoder Computation
Compute precoder FS and post-processing SNRs γ(H) = {γi(H)}Si=1

Step 2. MCS Selection
for C ∈ C do
M̃i(C) = argmaxMi∈M

{
1−αi

1−αL+1
i

Ri

}
end for
C∗ = argmaxC∈C

{
C
∑

i log2 M̃i(C) 1−αi

1−αL+1
i

}
M∗

i = M̃i(C
∗)

Order streams according to post-retransmission success probability, i.e., psuccessi ≤
psuccessi+1 ∀i = 1, · · · , S − 1.
Step 3. Loss Visibility Distribution Update
Use kernel density estimation to update the loss visibility distribution f̂v(x) =
1

Wh

∑W
i=1 K

(
x−v(sp−i)

h

)
Step 4. Thresholding Policy Selection

Compute v̂∗ = {v̂∗i }Si=2 to satisfy Fv(v̂
∗
i+1)− Fv(v̂

∗
i ) =

Ri/ri∑S
j=1 Rj/rj

∀i = 1, · · · , S
end for
Step 5. Mode Selection
Select the optimal mode S∗ according to (3.27).

3.5 Video Quality and Throughput Gains

To quantify the gains from using the loss visibility side information as

proposed in Algorithm 3, we compare with conventional MIMO transmission

whereby no side information is used for packet prioritization. Instead, the

symbols corresponding to each packet are mapped to all spatial streams.

3.5.1 Gain Analysis

In the absence of packet prioritization, each packet is multiplexed over

all streams, thus, the packet error rate expression should be modified to

capture the new packet error rate. As shown in (3.14), the correspond-
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ing PER relates to the packet prioritization case as follows αbaseline = 1 −∏S
i=1 (1− αi)

1/S. Further, the probability of success for the baseline case is

expressed as psuccessbaseline(H,M, C) = (1− αL+1
baseline). Thus, for a representative set

of P packets, the cumulative value of packets received successfully is P (1 −

αL+1
baseline)E[v(sp)] where E[v(sp)] =

∫ 1

0
vfv(v)dv is the average packet loss visibil-

ity. Furthermore, the transmission time is maxi{E[b(sp)](1−αL+1
baseline)/CRi(1−

αbaseline)}P/S = E[b(sp)](1− αL+1
baseline)P/S(1− αbaseline)Cmini{Ri}. Thus, the

weighted throughput objective for the baseline follows from (3.13) as follows

WT baseline=
P (1− αL+1

baseline)E[v(sp)]
E[b(sp)](1− αL+1

baseline)P/S(1− αbaseline)Cmini{Ri}
(3.29)

=
C

E[b(sp)]
(1− αbaseline)

(1− αL+1
baseline)

Smin
i
{Ri}︸ ︷︷ ︸

Throughput component

(1− αL+1
baseline)E[v(sp)]︸ ︷︷ ︸

Quality component

(3.30)

=
E[v(sp)]CS(1− αbaseline)mini{Ri}

E[b(sp)]
. (3.31)

We make the following two key observations regarding the result in (3.31):

1. In the absence of packet prioritization, unequal modulation is not ben-

eficial. This is because the throughput is limited by the worst spatial

stream as evident by the term mini{Ri}.

2. In the absence of packet prioritization, the objective does not depend

on the retransmission limit r. This is due to the fact that the loss in

throughput due to retransmission is compensated by a gain in video

quality and vice versa.
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Therefore, for the baseline case, we consider the same modulation order

M for all streams. Further, we select the modulation order M and coding rate

C to maximize the post retransmission throughput, that is,

{M∗, C∗} = argmaxM∈M,C∈C

{
CR

1− αbaseline(γ,M,C)

1− αbaseline(γ,M,C)L+1

}
. (3.32)

where R = B log2(M). Now, the gain G = EH [WT prioritized] /EH [WT baseline]

can be written as follows

G =
EH[

∑S
i=1 (1− αL+1

i )
∫ v̂i+1

v̂i
vfv(v)dv]

EH[(1− αL+1
baseline)

∫ 1

0
vfv(v)dv]︸ ︷︷ ︸

Packet Prioritization Gain GPP

× EH[maxC {C
∑

imaxMi
{Ri/ri}}]

EH[SmaxM,C{CR/rbaseline}]︸ ︷︷ ︸
Unequal Modulation Gain GUM

= GPP ×GUM. (3.33)

where ri = (1− αL+1
i )/(1− αi) and rbaseline = (1− αL+1

baseline)/(1− αbaseline) are

the average number of retransmissions for the proposed and baseline scenarios

respectively.

3.5.2 Packet Prioritization Gain

The first component of (3.33) is referred to as packet prioritization gain

and is expressed as follows

GPP =
EH

[∑S
i=1 (1− αL+1

i )E [v(sp)|v̂i ≤ v(sp) ≤ v̂i+1]
]

(
1− (1−

∏S
i=1 (1− EH [αi])

1/S)L+1
)
E[v(sp)]

. (3.34)
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It results from the fact that the more relevant packets are transmitted through

the more reliable streams. Because streams are ordered by the post-retransmission

success probability 1 − αL+1
i , the packet prioritization gain is always greater

than 1. We note that this gain is highest when both the packet loss visibil-

ity and the per-stream SNRs exhibit high variability. Furthermore, if infinite

retransmissions are allowed, this gain converges to one since all packets are

eventually received successfully. The dependence on H in (3.34) is through

both the loss visibility thresholds {v̂i}Si=1 and the PERs {αi}Si=1. The packet

prioritization gain represents a reduction in loss visibility, i.e., a video quality

gain.

3.5.3 Unequal Modulation Gain

The second component of (3.33) is referred to as the unequal modulation

gain and is expressed as follows

GUM =
EH[maxC {C

∑
imaxMi

{Ri/ri}}]
EH[SmaxM,C{CR/rbaseline}]

. (3.35)

It corresponds to the throughput averaged over spatial streams divided by

the throughput on the worst spatial stream. It results from the fact that

the optimal transmission policy can opportunistically increase the rate on the

stronger streams to enable low latency delivery of high priority packets. Con-

versely, in conventional MIMO transmission with a fixed modulation order,

the performance achieved is limited by the performance on the worst stream.
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This justifies why the unequal modulation gain is the achievable throughput

averaged over all streams divided by the achievable throughput on the worst

stream. The dependence on H in (3.35) is through the PERs {αi}Si=1 which

impact the per-stream throughputs {Ri}Si=1 and the retransmission overhead

{ri}Si=1. The unequal modulation gain results in an increase in throughput.

3.5.4 Impact of Limited Feedback

The expressions for WT prioritized and WT baseline are in terms of the error

probability psuccessi , which in turn depends on the post-processing SNR vector

γ = {γi(H)}Si=1. Thus, they apply equivalently under limited feedback given

that γi(H) is computed using (3.4) according to the selected precoder. We

compute the gains under limited feedback by taking the expectation of the

individual gains for each channel state given its mapping to the corresponding

codeword. This corresponds to G = EF [WT prioritized] /EF [WT baseline], i.e.,

G =
EF[
∑S

i=1 (1− αL+1
i )

∫ v̂i+1

v̂i
vfv(v)dv]

EF[(1− αL+1
baseline)

∫ 1

0
vfv(v)dv]︸ ︷︷ ︸

Packet Prioritization Gain GPP

× EF[maxC {C
∑

imaxMi
{Ri/ri}}]

EF[SmaxM,C{CR/rbaseline}]︸ ︷︷ ︸
Unequal Modulation Gain GUM

= GPP ×GUM. (3.36)

3.6 Results and Analysis

In this section, we first evaluate the proposed loss visibility based

MIMO transmission policies using H.264 encoded bit streams under differ-

ent antenna configurations. Next, we present numerical results to quantify the
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packet prioritization and unequal modulation gains. Each entry of the channel

matrix corresponds to a flat Rayleigh fading channel. The system bandwidth

is 1 MHz. The set of possible M-QAM constellations is M = {2, 4, 16, 64}

corresponding to BPSK, 4-QAM, 16-QAM, and 64-QAM. The set of possible

coding rates is C = {1/2, 2/3, 3/4, 5/6}.

3.6.1 Video Quality Gains on H.264 Sequences

To evaluate the video quality gain from the loss visibility based priori-

tization policy, we test the proposed algorithm on the Foreman video sequence

[59] encoded with H.264/AVC. The GoP structure is IBPBP · · · and the GoP

duration is 16 frames. The MB size is 16× 16 and we use the CIF resolution

of 352×288. The video frame is divided into horizontal slices where each slice

is 22 MBs wide and 1 MB high. Thus, each frame corresponds to 18 slices and

each slice is transmitted as one packet. The decoder uses motion copy error

concealment. Loss visibility estimation is applied based on [56] as described in

§3.3.1. Figure 3.4 shows the resulting loss visibility scores for each frame/slice

for the Foreman video sequence. Several observations are in order.

1. Frame type: The variability of the visibility across frames is clear. For

instance, the I frames can be noticed as dark red every GoP interval.

Furthermore, the odd-numbered frames corresponding to P have higher

loss visibility than the even-numbered B frames.

2. Subject/background motion: Face motion between Frame 1 and Frame

170 cause high loss visibility for some slices depending on the spatial
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Figure 3.4: Loss visibility map of the Foreman video sequence encoded with
H.264/AVC using a IBPBP GoP structure with 18 horizontal slices per frame
and a GoP duration of 16.

location of motion. Background motion between Frame 170 and Frame

220 contributes an overall increase in loss visibility. Beyond that, the lack

of object and background motion causes an overall drop in loss visibility.

3. Error propagation: For odd-numbered P frames, it can be noticed that

the packet loss visibility captures the severity of potential error propa-

gation by decaying for P frames towards the end of the GoP, i.e., close

to the next reference frame.

Figure 3.5 applies the loss visibility based prioritization policy to the

Foreman video sequence [59] for a 4×4 MIMO system, S = 3 streams/classes,

and Es/N0 = 5 dB. The retransmission limit is r = 4 and the channel co-

herence time is equal to 1 GoP corresponding to a low mobility environment.

Figure 3.5(a) shows the mapping of each video packet to the corresponding

spatial stream. Packets mapped to the best spatial stream are referred to

as high priority packets and vice versa. The corresponding video quality is

shown in Figure 3.5(c) in comparison with the baseline, whereby the symbols
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Figure 3.5: Case study of the loss visibility-based prioritization policy for
the Foreman video sequence with 4 × 4 MIMO system, S = 3 streams, and
Es/N0 = 5 dB. The retransmission limit is r = 4.
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corresponding to each packet are mapped to all spatial streams, for the same

channel realization. Despite having 460 packet losses post-retransmission, the

mean video quality with prioritization is 0.997 on the MS-SSIM scale whereas

the mean video quality without prioritization is 0.802. With packet prioritiza-

tion, losses affect only packets where error concealment can conceal the loss

from being visible to the average viewer. In contrast, the error propagation

effect is very severe in the case of no prioritization. The received and concealed

frames with index 223 of the Foreman sequence are shown in Figure 3.5(b) to

further demonstrate the difference in video quality.

Figure 3.6 demonstrates the video quality gains for a range of antenna

configurations for the Foreman video sequence encoded with the same prop-

erties as previously described. The video quality at each data point is the

frame-averaged quality further averaged over 10 different channel realizations.

The same channel realizations are used for the two cases. The first observed

trend is that for a fixed antenna configuration, the gains are maximized when

S = min(Nt, Nr). This is because the large variability in the post-processing

SNRs across streams enables more effective packet prioritization. Furthermore,

increasing the number of antennas for a fixed number of streams improves video

quality but reduces the video quality gain. The maximum gain is reported for

a 2× 2 setting where a video quality of 0.9 requires Es/N0 = 3 dB with prior-

itization versus Es/N0 = 20 dB without prioritization. Furthermore, gains in

the excess of 10 dB are achieved over a range of antenna configurations.
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Figure 3.6: Comparison of the loss visibility-based packet prioritization vs.
non-prioritized MIMO precoding for H.264-encoded Foreman sequence for dif-
ferent antenna configurations over a range of SNRs. The retransmission limit
is r = 4 and the channel coherence time is 1 GoP.

3.6.2 Throughput Gains

Having shown that significant video quality gains are achieved by the

loss visibility-based video transmission policies, we then examine the through-

put gains by plotting the closed-form unequal modulation gain expression de-

rived in §3.5. Recall that the throughput gain is achieved due to the ability

to leverage unequal modulation on the stronger spatial streams.

In Figures 3.7 and 3.8, we examine the unequal modulation gain GUM,

defined in (3.33). Figure 3.7 shows the gain for S = 2 spatial streams with

different antenna configurations. Recall from the unequal modulation gain ex-

pression that the gain is maximized when the per-stream throughputs exhibit

the highest variability among streams. In a two stream setup, this corresponds

to the case where the difference between the throughput on the two steams is
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Figure 3.7: Unequal modulation gain GUM analysis for different antenna con-
figurations with S = 2 streams.

maximal. Thus, for S = 2, a 2 × 2 system gains more than a 4 × 4 system.

In a 4× 4 system with S = 2, the diversity and channel hardening reduce the

gains from the proposed prioritization policy because the supported modula-

tion orders per stream are equivalent for most channel realizations and the

achievable throughput on the two streams is comparable. In Figure 3.8, we

plot the unequal modulation gain for a 4 × 4 system for different numbers of

spatial streams S. In the medium to high SNR regime, for the same Nt ×Nr

configuration, more streams provide higher gains versus non-video aware ap-
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Figure 3.8: Unequal modulation gain GUM analysis for different number of
streams for a 4× 4 system.

proaches since the condition number of the effective channel HFS is likely to

be higher making it possible for video-aware techniques to make use of the

diverse channel statistics among streams. For S = 2 and S = 4, we show

the fractional use of each modulation scheme at the peak operating points.

For S = 2 at Es/N0 = −1 dB, the best stream can support 4-QAM for most

realizations while the worst stream can only support BPSK. A similar obser-

vation follows at 8 dB and 15 dB for 16-QAM and 64-QAM. Conversely, at

4 dB (resp. 12 dB), both streams support 4-QAM (resp. 16-QAM) for most

channel realizations. Thus, the gain GUM is close to 1.
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(a) Loss visibility-based packet prioritization
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(b) Non-prioritized MIMO precoding

Figure 3.9: Comparison of the weighted throughput objective achieved by loss
visibility-based packet prioritization and non-prioritized MIMO transmission
for a 4× 4 MIMO system for different number of streams.
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In Figure 3.9, we plot the weighted throughput objective achieved by

loss visibility-based packet prioritization vs. non-prioritized MIMO precoding

for a 4 × 4 MIMO system under different numbers of spatial streams. For

beamforming (S = 1), the performance is equivalent since there is only a single

packet class. For S > 1, we clearly notice the gains with loss visibility-based

thresholding due to the load balancing property of the optimal thresholding

policy.

For multimode precoding, we select the MIMO mode to maximize the

weighted throughput among all modes S = 1, · · · ,min{Nt, Nr}. Even compar-

ing multimode prioritized transmission with multimode non-prioritized trans-

mission where gains are expected to drop, we notice a 3 dB gain in the low

SNR regime and a 6 dB gain in the high SNR regime.

3.6.3 Prioritized Transmission with Limited Feedback

Figure 3.10 shows the unequal modulation gain with limited feedback

for different codebook sizes and antenna configurations. As expected, the

gains increase as the codebook size increases as well as for larger number of

spatial streams. With only 2 spatial streams in a 4× 2 antenna configuration

and a 3 bit codebook, 27% throughput increase is achieved. With 4 spatial

streams in a 7×4 antenna configuration and a 4 bit codebook, 56% throughput

increase is achieved. The trends of the gains closely follows those in Figure 3.7

corresponding to perfect CSI feedback. In terms of the nominal gain values,

we observe that with codebook-based limited feedback, the gain drops because
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Figure 3.10: Unequal modulation gain achieved with limited feedback for dif-
ferent codebook sizes and antenna configurations.

the unequal stream quality cannot be fully utilized due to channel quantization

errors. Such errors cause the gap between the post-processing SNRs on the

best and worst stream to tighten, thus reducing the achievable gain.

3.6.4 Impact of Mobility

Although the analysis applies to any channel coherence time larger

than one packet, the underlying assumption in the proof of Theorem 4 is
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Case 1: 2 × 2, N s = 2 , Es /N0= 4 dB

Case 2: 4 × 4, N s = 4 , Es /N0= 6 dB
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Optimal throughput = 
Baseline throughput  x G

UM

Baseline: Non-prioritized Transmission
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Figure 3.11: Analysis of the effect of channel coherence time on the achiev-
ability of the load balancing throughput gain for the Foreman video sequence.

that the packets observed within a channel coherence time are representative

of the loss visibility distribution. Otherwise, the observed short-term loss

visibility distribution will be different from the distribution estimated using

kernel density estimation causing a loss visibility distribution mismatch. It

follows that the gains in Figure 3.7 and 3.8 are an upper bound that apply

with a fairly large channel coherence time. For a more realistic analysis of
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the throughput gain, we simulate the proposed algorithm in Figure 3.11 with

a variable channel coherence time ranging from S packets to several GoPs

under 2 antenna configurations. For a 2 × 2 system, the throughput always

exceeds that of the baseline but the theoretical 2x load balancing gain reported

in Figure 3.7 and 3.8 are only achieved if the channel is fairly static for few

seconds. For a practical low mobility setup where the channel coherence is

equal to one GoP, 1.5x out of the theoretical 2x gain is achieved. For a 4× 4

MIMO system, the throughput exceeds that of the baseline when the channel

is at least 35 ms equivalent to one video frame. Beyond that, for a channel

coherence of one GoP, 1.25x throughput gain is achieved.

3.6.5 MIMO Mode and Source Rate Adaptation

In this section, we examine the proposed loss visibility based MIMO

transmission policies with MIMO model adaptation and source rate adapta-

tion. The system bandwidth is 200 KHz. The set of possible M-QAM constel-

lations is M = {2, 4, 16, 64} corresponding to BPSK, 4-QAM, 16-QAM, and

64-QAM. The set of possible coding rates is C = {1/2, 2/3, 3/4, 5/6}.

Figure 3.12 demonstrates the video quality gains from packet prioriti-

zation alone by comparing the transmission policy with and without priori-

tization using the same channel realizations with a fixed MIMO mode. We

observe that the gains are maximized when S = min(Nt, Nr). This is because

the large variability in the post-processing SNRs across streams enables more

effective packet prioritization. Conversely, with a single spatial stream, the
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Figure 3.12: Mean video quality with a 4x4 MIMO system with and without
prioritization for each fixed MIMO mode.

notion of priority disappears since there is effectively one class of packets. We

observe gains of 2 dB for 2 streams, 5 dB for 3 streams, and 14 dB for 4

streams.

Figures 3.13 and 3.14 demonstrate the gains due to joint rate adaptation

by comparing with the two cases of fixed source rate and variable MIMO mode

as well as the case of fixed MIMO mode and variable source rate. For the fixed

MIMO mode baseline in Figure 3.13, the source distortions dominate with

a low order mode, specifically in the high SNR regime, because the source

rate cannot be opportunistically increased with the low transmission rate.
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Figure 3.13: Video quality with joint rate-mode adaptation; (a) In comparison
to rate adaptation with fixed MIMO mode.

Conversely, the channel distortions dominate with a high order mode in the

low SNR regime, because the diversity-multiplexing tradeoff is not utilized to

provide reliable delivery. Instead, joint adaptation of the MIMO mode and

source rate enables achieving improved performance in comparison to all fixed

mode cases in all SNR regimes because it adaptively selects an operating point

that provides the best tradeoff between reliable delivery and high source rate.

Similar observations are made for the fixed source rate baseline in Figure 3.14.

Fixing the source rate to be too low causes compression artifacts, that are

otherwise avoidable, to dominate in the high SNR regime. Fixing the source
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Figure 3.14: Video quality with joint rate-mode adaptation in comparison to
mode adaptation with fixed source rate.

rate to be too high under bad channel conditions necessitates packet drop to

support the source rate, thus reducing video quality.

The tradeoff between source-induced and channel-induced distortions is

explained in Figure 3.15. With different values of the average SNR, we compare

the proposed algorithm with a baseline that does not adapt the source rate.

For a baseline with low source rate, the compression distortions dominate and

the quality drops. For a baseline with high source rate, the channel distortions

dominate and the quality also drops. In comparison, source rate adaptation

can significantly outperform the best fixed source rate by opportunistically
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Figure 3.15: Video quality with combined source and channel distortions with
a adaptive source rate (straight lines) vs. fixed source rate (curves).

adapting the rate based on the channel throughput. The gains from rate

adaptation are most pronounced in the low SNR regime.

3.7 Summary

We proposed a cross-layer architecture for prioritized packet delivery

over a MIMO PHY layer based on loss visibility taking advantage of the large

variability in loss visibility due to the video source and encoder features. We

presented a loss visibility-based thresholding policy that maps different packets
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to different spatial streams and derived the optimal thresholding policy for

any loss visibility distribution. The proposed architecture requires minimal

additional cross-layer overhead while achieving quality and capacity gains. We

demonstrated gains in the excess of 10 dB with different antenna configurations

on H.264 encoded video sequences.

3.8 Appendices

3.8.1 Proof of Lemma 4

Proof. Consider two video packets s1 and s2 such that v(s1) < v(s2). Assume

the packet-stream mapping is such that s2 ∈ V′
i and s1 ∈ V′

k where psuccessi =

1− αL+1
i ≤ 1− αL+1

k = psuccessk . We switch the mapping of packets s1 and s2,

that is, Vi = V′
i + {s2} − {s1} and Vk = V′

k + {s1} − {s2}. We show that the

corresponding objective function WT ′ ≤ WT .

WT ′=
(
∑

l /∈{i,k} p
success
l

∑
s∈Vl

v(s)) + psuccessi

∑
s∈V′

i
v(s) + psuccessk

∑
s∈V′

k
v(s)

max{maxl /∈{i,k} tl(γl,Ml, C,Vl), ti(γi,Mi, C,V′
i), tk(γk,Mk, C,V′

k)}

=
(
∑

l /∈{i,k} p
success
l

∑
s∈Vl

v(s)) + psuccessi

∑
s∈Vi

v(s) + psuccessk

∑
s∈Vk

v(s)

max{maxl /∈{i,k} tl(γl,Ml, C,Vl), ti(γi,Mi, C,V′
i), tk(γk,Mk, C,V′

k)}

+
(psuccessi − psuccessk )(v(s2)− v(s1))

max{maxl /∈{i,k} tl(γl,Ml, C,Vl), ti(γi,Mi, C,V′
i), tk(γk,Mk, C,V′

k)}

<

∑
l p

success
l

∑
s∈Vl

v(s)

max{maxl /∈{i,k} tl(γl,Ml, C,Vl), ti(γi,Mi, C,V′
i), tk(γk,Mk, C,V′

k)}
(3.37)

≤
∑

l p
success
l

∑
s∈Vl

v(s)

max{maxl /∈{i,k} tl(γl,Ml, C,Vl), ti(γi,Mi, C,Vi), tk(γk,Mk, C,Vk)}
(3.38)

=

∑
l p

success
l

∑
s∈Vl

v(s)

maxl tl
= WT (3.39)
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where (3.37) follows because v(s1) < v(s2) and psuccessi ≤ psuccessk by definition

and psuccessi ≤ psuccessk by the proposed ordering. Next, we show the transition to

(3.38) by showing it separately in the following four possible cases. For brevity,

we denote by Thr(i) the throughput on the ith stream in the derivation below.

1. {argmax(tl, ti(V
′
i), tk(V

′
k))) = i, argmax(tl, ti(Vi), tk(Vk)) = i}: In this

case, switching the ordering improves the objective since v(s1) < v(s2)

and b(s1) < b(s2), thus ti(Vi) < ti(V
′
i).

2. {argmax(tl, ti(V
′
i), tk(V

′
k))) = k, argmax(tl, ti(Vi), tk(Vk)) = k}: While

this reduces the objective since tk(Vk) > tk(Vk), we show by contradic-

tion that it never occurs. We have argmax(tl, ti(V
′
i), tk(V

′
k))) = k =⇒

b(s2)/Thr(i) < b(s1)/Thr(k) and argmax(tl, ti(Vi), tk(Vk))) = k =⇒

b(s2)/Thr(k) > b(s1)/Thr(i). Thus, Thr(i)/Thr(k) < b(s2)/b(s1) <

Thr(k)/Thr(i). Since b(s2)/b(s1) > 1, we have 1 < Thr(k)/Thr(i) =⇒

Thr(i) < Thr(k) =⇒ b(s1)/Thr(i) > b(s1)/Thr(k). Combining with

b(s2)/Thr(i) < b(s1)/Thr(k), we obtain b(s2)/Thr(i) < b(s1)/Thr(i) =⇒

b(s2) < b(s1). Thus, we have a contradiction.

3. {argmax(tl, ti(V
′
i), tk(V

′
k))) = i, argmax(tl, ti(Vi), tk(Vk)) = k}: We show

by contradiction that this case never occurs. argmax(tl, ti(V
′
i), tk(V

′
k))) =

i =⇒ b(s2)/Thr(i) > b(s1)/Thr(k) and argmax(tl, ti(Vi), tk(Vk)) = k =⇒

b(s2)/Thr(k) > b(s1)/Thr(i). Thus, b(s2)/b(s1) > Thr(k)/Thr(i) and

b(s2)/b(s1) > Thr(i)/Thr(k) which is a contradiction.
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4. {argmax(tl, ti(V
′
i), tk(V

′
k))) = k, argmax(tl, ti(Vi), tk(Vk)) = i}: We show

by contradiction that this case never occurs. argmax(tl, ti(V
′
i), tk(V

′
k))) =

k =⇒ b(s2)/Thr(i) < b(s1)/Thr(k) and argmax(tl, ti(Vi), tk(Vk)) = i =⇒

b(s2)/Thr(k) < b(s1)/Thr(i). Thus, b(s2)/b(s1) < Thr(k)/Thr(i) and

b(s2)/b(s1) < Thr(i)/Thr(k) which is a contradiction.

Thus, the proposed ordering maximizes the objective function and v̂i

is the threshold between ordered spatial stream i− 1 and i.

3.8.2 Proof of Lemma 5

Proof. First, the gradient of WT (v̂,M, C, S) with respect to v̂i is ∂WT/∂v̂i =

(h∂g/∂v̂i − g∂h/∂v̂i)/h
2 where g =

[∑S
i=1 (1− αL+1

i )
∫ v̂i+1

v̂i
vfv(v)dv

]
and h =

E[b(sp)](Fv(v̂ĩ+1)− Fv(v̂ĩ))(1− αL+1
ĩ

)/CRĩ(1− αĩ) are the numerator and de-

nominator of (3.20). The components of the gradient are

∂g

∂v̂i
= (αL+1

i − αL+1
i−1 )v̂ifv(v̂i) (3.40)

where we used the fact that ∂(
∫ v̂1
0

vfv(v)dv)/∂v̂1 = limϵ→0(
∫ v̂1+ϵ

v̂1
vfv(v)dv/ϵ) =

v̂1fv(v̂1). Furthermore, the gradient corresponding to h is

∂h

∂v̂i
=


E[b(sp)]fv(v̂i)(1− αL+1

i−1 )/(CRi−1(1− αi−1)) if i = ĩ+ 1
−E[b(sp)]fv(v̂i)(1− αL+1

i )/(CRi(1− αi)) if i = ĩ
0 otherwise.

(3.41)

Next, we prove part 1 of the Lemma. From the expressions for ∂g/∂v̂i and

∂h/∂v̂i, it follows that
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∂WT

∂v̂ĩ
h2=(αL+1

ĩ
− αL+1

ĩ−1
)v̂ifv(v̂i)

E[b(sp)](Fv(v̂ĩ+1)− Fv(v̂ĩ))(1− αL+1
ĩ

)

CRĩ(1− αĩ)

+

(
S∑

i=1

(1− αL+1
i )

∫ v̂i+1

v̂i

vfv(v)dv

)
E[b(sp)]fv(v̂ĩ)(1− αL+1

ĩ
)

CRĩ(1− αĩ)
(3.42)

=
E[b(sp)]fv(v̂ĩ)(1− αL+1

ĩ
)

CRĩ(1− αĩ)
×[(

S∑
i=1

(1− αL+1
i )

∫ v̂i+1

v̂i

vfv(v)dv

)
− (αL+1

ĩ−1
− αL+1

ĩ
)v̂i(Fv(v̂ĩ+1)− Fv(v̂ĩ))

]

≥
E[b(sp)]fv(v̂ĩ)(1− αL+1

ĩ
)

CRĩ(1− αĩ)
×[(

(1− αL+1
ĩ

)

∫ v̂ĩ+1

v̂ĩ

vfv(v)dv

)
− (αL+1

ĩ−1
− αL+1

ĩ
)v̂i(Fv(v̂ĩ+1)− Fv(v̂ĩ))

]
(3.43)

where (3.43) follows because
∑S

i=1 (1− αL+1
i )Vi ≥ (1 − αL+1

ĩ
)Vĩ. Next, using

the fact that αL+1
ĩ−1

≤ 1, we further reduce the expression to

∂WT

∂v̂ĩ
h2≥

E[b(sp)]fv(v̂ĩ)(1− αL+1
ĩ

)

CRĩ(1− αĩ)
×[(

(1− αL+1
ĩ

)

∫ v̂ĩ+1

v̂ĩ

vfv(v)dv

)
− (1− αL+1

ĩ
)v̂i(Fv(v̂ĩ+1)− Fv(v̂ĩ))

]

=(1− αL+1
ĩ

)
E[b(sp)]fv(v̂ĩ)(1− αL+1

ĩ
)

CRĩ(1− αĩ)
× (3.44)[∫ v̂ĩ+1

v̂ĩ

vfv(v)dv − v̂i(Fv(v̂ĩ+1)− Fv(v̂ĩ))

]
. (3.45)

Finally, (3.46) follows because
∫ b

a
xf(x)dx ≥

∫ b

a
af(x)dx if a ≥ 0.
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∂WT

∂v̂ĩ
h2 ≥ (1− αL+1

ĩ
)
E[b(sp)]fv(v̂ĩ)(1− αL+1

ĩ
)

CRĩ(1− αĩ)
×[

v̂ĩ

∫ v̂ĩ+1

v̂ĩ

fv(v)dv − v̂i(Fv(v̂ĩ+1)− Fv(v̂ĩ))

]
= 0. (3.46)

Thus, it follows that ∂WT/∂v̂ĩ ≥ 0.

We prove part 2 of Lemma 5 by investigating the terms of the gradient

∂WT/∂v̂i = (h∂g/∂v̂i − g∂h/∂v̂i)/h
2. We have h ≥ 0 and ∂g/∂v̂i ≤ 0 uncon-

ditionally. Furthermore, ∂h/∂v̂i ≥ 0 ∀i ̸= ĩ and g ≥ 0. Thus, ∂WT/∂v̂i ≤

0 ∀i ̸= ĩ.

3.8.3 Proof of Lemma 6

Proof. The special case of |I| = 1 is proved in Lemma 5. The case of |I| > 1

where the elements of |I| are non-consecutive also directly follows from Lemma

5 as one could jointly decrease {v̂i} ∀i ∈ I and increase {v̂i+1} ∀i ∈ I such

that the set I is fixed. For the general case where some elements of I are

consecutive, the set I can be divided into subsets of consecutive streams. For

example, if I = {1, 3, 4}, the first subset is {1} and the second subset is {3,4}.

Within each subset, ∂WT/∂v̂i ≥ 0 for the lower-most stream satisfying i ∈ I

and i − 1 ̸∈ I by part 1 of Lemma 5 and ∂WT/∂v̂i ≤ 0 for the upper-most

stream satisfying i ̸∈ I and i− 1 ∈ I by part 2 of Lemma 5. Thus, there exist
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an infinitesimal step ϵ = {ϵ1, · · · , ϵS} such that ϵi ≥ 0 if i ∈ I and i − 1 ̸∈ I

and ϵi ≤ 0 if i ̸∈ I and i − 1 ∈ I keeping I fixed and improving the objective

and the result follows.

3.8.4 Proof of Theorem 4

Proof. We present a convergent method that takes as input any feasible solu-

tion and obtains a solution with an improved objective satisfying the condi-

tion stated above. Start with any feasible solution and define the initial set of

streams with the longest average transmission time I = {i s.t. ti = maxj tj}.

Construct an infinitesimal step ϵ = {ϵ1, · · · , ϵS} such that ϵi ≥ 0 if i ∈ I

and i − 1 ̸∈ I and ϵi ≤ 0 if i ̸∈ I and i − 1 ∈ I. By Lemma 3, there

exist such an ϵ such that I is unchanged and WT (v̂ + ϵ) > WT (v̂). Re-

peat until mini∈I,j ̸∈I{ti − tj} < δ where δ is an arbitrarily small positive

number. This necessarily increases I. Repopulate I according to the new

{v̂i}. Repeat until I = {2, · · · , S}. Thus, the optimal policy necessarily sat-

isfies t1 = t2 = · · · = tS, equivalently, (Fv(v̂i+1) − Fv(v̂i))/(Ri(1 − αi)) =

(Fv(v̂2) − Fv(v̂1))/(R1(1 − α1)) ∀i. By taking 1 =
∑

i Fv(v̂i+1)− Fv(v̂i), the

Theorem follows.
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Chapter 4

User-level Perceptual Optimization for

Scalable Video Transmission

This chapter proposes perceptual quality optimization of scalable video

sequences through unequal error protection and quality-loss mapping estima-

tion. We propose online learning of the mapping between packet losses and

quality degradation using nonparametric regression. This quality-loss map-

ping is subsequently used to provide unequal error protection for different

video layers with perceptual quality guarantees. We further propose channel-

aware scalable codec adaptation and buffer management policies to ensure

continuous high-quality playback and avoid re-buffering.

4.1 Introduction

With the explosive growth of video traffic over wireless networks, it

becomes necessary to support more simultaneous video streams while guar-

anteeing a high level of quality for individual users. The scarcity of wireless

network resources along with the inherent channel fluctuations make this task

challenging. Traditionally, video data are treated in a data-agnostic fashion

and video quality is not considered as a target optimization objective. Per-
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ceptual quality metrics that provide good correlation with subjective quality

are now available. Therefore, new video transmission paradigms are needed

that make content-aware scheduling and resource allocation decisions at the

level of the codec and the radio to optimize perceived video quality and re-

duce network load. While such paradigms have the potential to improve

system capacity and quality, they achieve their highest performance with a

cross-layer design. Cross-layer techniques applied to video transmission such

as joint source-channel coding (JSCC) [36, 50, 51], unequal error protection

(UEP) [53, 54], and prioritized scheduling [55] increase video quality and error

resilience, thus improving the end-user experience. Going forward, scalable

video coding (SVC) [4, 11] is a strong candidate for cross-layer design since its

inherent layered structure enables jointly optimizing the desirable targets of

low bandwidth usage, infrequent frame freezes, and high video quality.

The video quality perceived by the end-user in a video streaming envi-

ronment is impacted by two major sources of distortion: source distortion due

to lossy compression and channel distortion due to channel-induced impair-

ments such as packet losses, errors, and delays [5],[28]. There is an inherent

tradeoff between these two types of distortions in the context of a rate-adaptive

codec and a link-adaptive transmission medium. For a given channel capacity,

improving reliability through channel coding comes at the expense of reducing

source rate. Similarly, for a fixed channel code design, increasing the modula-

tion order to support higher source rates reduces error resilience. Cross-layer

approaches are essential to capture these tradeoffs and improve performance.
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Our main contribution lies in developing a video-aware cross-layer framework

that integrates novel approaches to perceptually-optimized adaptation, packet

loss visibility modeling, unequal error protection, and playback buffer regula-

tion which together enable notable quality and capacity gains.

4.1.1 Contributions

The objective of this dissertation is to improve video perceptual qual-

ity and make more efficient use of network capacity by developing video-

aware cross-layer optimization techniques for content streaming. To achieve

this objective, we propose techniques for QoS-to-QoE mapping, perceptually-

optimized unequal error protection, video layer scheduling, and joint source-

link adaptation. This section summarizes our major contributions on these

fronts.

4.1.1.1 Generic APP/MAC/PHY cross-layer design

Most previous work on joint APP/PHY layer designs for multimedia

streaming (e.g., [40, 47, 55, 65, 76]) assumes that the APP and PHY layer deci-

sions are performed at the same timescale. This is typically limiting because:

(1) The smallest practical timescale for video source adaptation is one frame

or one GoP which typically spans multiple channel coherence times, and (2)

the temporal variation of natural video signals is slower than the channel state

variation for wireless/mobile environments. Existing work on cross layer ar-

chitectures for video delivery with the APP and PHY controllers operating
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at different timescales can be found in [77–79]. In this dissertation, we pro-

pose a generic cross-layer design that allows the PHY layer to adapt faster

the video source. While the PHY layer adaptation timescale depends solely

on the channel coherence time, it still makes use of application layer side in-

formation to provide video-aware decisions at the PHY layer. Conversely, the

APP layer uses aggregated channel statistics to make foresighted decisions at

a longer timescale. Furthermore, the proposed framework can be executed in a

decentralized fashion at each layer separately and requires minimal cross-layer

overhead.

4.1.1.2 Perceptually-optimized unequal error protection

The topic of unequal error protection for video transmission has re-

ceived interest in the literature (e.g., [53, 54]). In this dissertation, however,

we propose a new approach based on loss visibility modeling that provides a

system-level perceptual quality guarantee irrespective of the short-term chan-

nel fluctuations. We propose an online QoS-to-QoE mapping technique that

estimates the loss visibility of each video layer adaptively over time using the

ACK history. Based on the proposed QoS-to-QoE mapping, we develop a link

adaptation algorithm that provides unequal error protection for each video

layer. We show that the proposed unequal protection levels provide a lower

bound guarantee on the achievable average video quality. The unequal protec-

tion levels are used along with the channel state information (CSI) to select the

MCS at the packet level. In comparison to throughput-optimal adaptation, the
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proposed UEP technique demonstrates significant gains by making better use

of the link capacity resulting in bitrate reductions and quality improvements.

4.1.1.3 Channel-aware and buffer-aware source adaptation

Previous work on adaptive scalable video coding (e.g., [51, 64, 67]) fo-

cuses on resource allocation among video layers. Instead, by virtue of H.264/SVC

scalability properties, we propose an algorithm to select video layers to trans-

mit to maximize the long-term video quality subject to playback buffer con-

straints. We consider a temporal- and quality-scalable H.264 compressed video

bitstream. We estimate the transmission time per video-layer based on the ag-

gregate channel statistics and use that to select the set of video layers that

can accommodated without incurring playback buffer starvation. The pro-

posed scheduling algorithm regulates the playback buffer size and can be used

to tune the tradeoff between video quality and the mean playback buffer size.

4.1.2 Related Work

Current video streaming applications are based mostly on single layer

coding such as the H.264 advanced video coding (AVC) standard. They can

be divided into three categories: progressive download, pull-based adaptive

HTTP streaming, and push-based RTP streaming [21]. With the advent of

SVC, a wider range of approaches can be introduced to provide rate scalability,

reduce latency, and regulate the playback buffer in a network-friendly manner.

In [51], an approach is proposed for joint source-channel coding applied
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to scalable video transmission. With a distortion-minimization objective, an

algorithm is developed to allocate the available bit rate between scalable lay-

ers and, within each layer, between source and channel coding. In [54], an

algorithm is proposed for rate-distortion optimized mode-selection applied to

layered coding with transport prioritization. The algorithm is based on a joint

source channel coding approach and it optimizes the mode selection within

and across layers for increased error-resilience. In [55], a joint application-

layer adaptive prioritized scheduling and a MAC-layer retransmission strategy

is developed. The cross-layer problem is posed with a distortion minimiza-

tion objective and existing joint source-channel coding theory is modified to

account for delay-constrained transmission. In [67], a layered video transmis-

sion scheme over MIMO is proposed and termed adaptive channel selection.

It periodically switches each bit stream among multiple antennas. The bit

stream switching matches the ordering of SNR strength for the subchannels

and enables prioritized delivery and UEP. In [64], a distortion-minimizing re-

source allocation scheme is proposed to allocate bits optimally among source

coding, forward error correction, and ARQ. The algorithm dynamically adapts

the source and channel and provides hybrid UEP and delay-constrained au-

tomatic repeat request (ARQ). A general framework for cross-layer decision

making for multimedia applications in proposed in [80]. The system is modeled

as a layered Markov decision process (MDP) and cross-layer optimization is

performed in a distributed fashion to optimize the long-term performance by

making foresighted decisions. In [65], the authors consider the problem of QoS-
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aware LTE OFDMA scheduling and propose a cross-layer system for real-time

video delivery to maximize the video quality subject to the application-layer

delay constraint. A weighted round robin algorithm provides application level

QoS guarantees in terms of fairness and delay constraints. In [76], a cross-

layer approach for adaptive modulation and coding is proposed to minimize

the packet loss probability due to both excessive queuing delay and bit errors

where expressions for excessive queueing delay are obtained based on large de-

viation theory. In [47], the problem of multiuser resource allocation for uplink

OFDMA is studied. A subcarrier assignment and power allocation algorithm

is devised to minimize the average video distortion among users in the system

based on the CSI and rate-distortion information.

A major limitation of the literature on cross-layer video optimization is

that it often relies on conventional rate-distortion optimization models (e.g.,

[47, 51, 52, 81]) to capture the tradeoff between the source rate and the video

distortion, typically quantified by means of the peak signal-to-noise ratio

(PSNR). It is well known that the PSNR metric does not correlate well with

perceived video quality [82]. Furthermore, rate-distortion modeling does not

scale well for scalable coding [83]. Learning-based techniques based on sub-

jective quality assessment were explored in [83], however, subjective assess-

ment is time-consuming and impractical for online network optimization [84].

There has been limited work thus far on perceptually-optimized cross-layer

adaptation for scalable video transmission. Specifically, a framework integrat-

ing multi-timescale source-link adaptation, loss visibility modeling, playback
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buffer regulation, perceptual quality assessment, and unequal error protection

is not yet available.

4.1.3 Organization

The remainder of the Chapter is organized as follows. Section 4.2 re-

views the hey features on the scalable coding extension of the H.264 video

coding standard. Section 4.3 illustrates the proposed framework that en-

ables perceptual optimization of scalable video sequences. Section 4.4 presents

the proposed unequal error protection technique for scalable video layers and

presents an online algorithm for the estimation of the quality-loss mapping.

Section 4.5 presents the source and link adaptation algorithm that uses the

proposed unequal error protection technique to maximize video quality in the

presence of buffer underflow constraints. Section 4.6 presents simulation re-

sults to demonstrate the gains from unequal error protection and the proposed

cross-layer scalable video optimization. Finally, Section 4.7 summarizes the

chapter and Section 4.8 provides the proofs of the key results.

4.2 H.264 Scalable Video Coding (SVC) Overview

The H.264 video coding standard [4] provides high compression effi-

ciency and enhanced rate-distortion characteristics making it suitable for video

streaming applications. The scalable video coding (SVC) extension of H.264

[11] allows rate scalability at the bitstream level by generating embedded lay-

ered bit-streams that are partially decodable at different bitrates with degrad-
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ing quality. The codec generates NAL units, each consisting of a set of coded

video slices, and passes them down to lower protocol layers for transmission.

NAL units corresponding to different video layers are distinguished by layer

identifiers1.

Rate scalability can be achieved with temporal, spatial, and/or quality

scalability. This work focuses on combined temporal and quality scalability

but the framework can be directly extended to incorporate spatial scalability

as well. For quality scalability, we consider both coarse-grain scalability (CGS)

and medium-grain scalability (MGS).

4.2.0.1 Temporal Scalability

The most basic form of video scalability is achieved with temporal scal-

ability, which provides the ability to restrict motion-compensated prediction

to a certain level of B-pictures. Each enhancement layer corresponds to a

faster frame rate. Thus, reducing the frame rate corresponds to dropping all

NAL units with a higher layer identifier.

4.2.0.2 Coarse-Grain Quality Scalability (CGS)

A discrete cosine transform (DCT) is applied to the motion-compensated

residual blocks. The DCT coefficients are then quantized according to the

quantization parameter (QP) which determines the step size. With coarse-

1Note the distinction between the video layer and the protocol layer. The video layer
denotes the layer of video data in scalable video coding whereas the protocol layer denotes
the layer of network protocol stack.
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grain scalability (CGS), each enhancement layer is quantized with a smaller

step size than its parents. The number of rate points that can be extracted

from the CGS bitstream is limited. Furthermore, reducing the step size in-

crements to achieve finer granularity reduces the enhancement layer coding

efficiency.

4.2.0.3 Medium-Grain Quality Scalability (MGS)

Medium-Grain Scalability (MGS) enables the SVC codec to achieve a

finer level of scalability by splitting the DCT coefficients of each block over

multiple MGS layers. For a 4 × 4 transform block size, 16 MGS layers can

be realized. MGS enables the key pictures concept in addition to packet-level

scalability which allows dropping individual NAL units from MGS layers while

retaining the ability to reconstruct the video frame.

4.3 Cross-layer Adaptation Framework

In this section, we describe the proposed framework that enables cross-

layer video quality optimization. This framework integrates together novel

approaches to QoS-to-QoE mapping, buffer-aware source adaptation, retrans-

mission control at the MAC layer, and UEP-based MCS selection at the PHY

layer.
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Figure 4.1: Proposed cross-layer QoE-aware video transmission system.

4.3.1 Framework Overview

The cross-layer framework is shown in Figure 4.1. The adaptive SVC

encoder and QoS-to-QoE mapping operations are performed at the APP layer

while video-aware link adaptation is performed at the PHY layer.

The uncompressed video is encoded with an SVC encoder that provides

temporal and quality scalability. NAL unit packetization encapsulates multiple

NAL units into packets such that the packet size is at least P bytes. This

ensures that PHY packets have comparable sizes irrespective of their video

layer mapping. Consequently, it provides robustness because large NAL units

will not be penalized due to their size and the measure of PER will have

a uniform meaning among all video layers. Additionally, the packetization

block ensures that all NAL units in a packet correspond to the same video

layer such that the packet can be tagged with a layer identifier. Next, scalable

codec adaptation selects the temporal and quality layers to be transmitted for
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each GoP based on playback buffer state feedback and past aggregated CSI

statistics. Packets corresponding to non-selected layers are dropped.

Online QoS-to-QoE mapping involves (1) distorted video reconstruction

at the transmitter using ACK history feedback, (2) quality assessment of the

decoded video with packet losses, and (3) updating unequal protection levels

adaptively to provide a video quality guarantee.

At the PHY layer, the unequal protection levels per video layer and

the short-term CSI are used for video-aware link adaptation which determines

the modulation and coding scheme for each packet to provide unequal error

protection.

The retransmission request/control handles retransmissions in a video-

aware manner. Different packets have different number of allowed retrans-

missions based on the layer identifier. The playback buffer at the receiver is

monitored and the state is fed back to the transmitter to be used in source

adaptation. The SVC decoder reconstructs the video to the pixel domain and

error concealment conceals missing frames based on the decoded video.

4.3.2 Scalable Codec Setup

We consider a scalable video bitstream composed of Lq quality layers

and Lt temporal layers. The group of picture (GoP) size is f frames at a max-

imum frame rate of r frames/sec. Temporal enhancement frames are encoded

as hierarchical bi-predictively coded (B) pictures. While B-pictures introduce

structural delay due to out-of-order frame decoding, they provide a higher
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coding efficiency. Furthermore, it is tolerable in stored video due to buffering.

The corresponding frame structure assumed in this work is shown in

Figure 4.2. Two quality layers are encoded with coarse-grain scalability (CGS).

Inter-layer prediction is used so that layer two uses a combination of a temporal

and spatial prediction signal. The CGS enhancement layer is further split into

three MGS layers. The MGS layers use the key pictures concept so that

the highest available enhancement layer reconstruction is used for motion-

compensated prediction of layers two and above. Thus, we have a total of

Lq = 4 quality layers. We use a GoP size f = 8 so that Lt = 4. The

transform block size is 4 × 4 and the 16 coefficients per transform block are

split among the three MGS layers according to the MGS vector [4,4,8]. In

Figure 4.2, a vertical arrow denotes a spatial prediction signal from the lower

layer being used in the upper layer reconstruction. Furthermore, a non-vertical

arrow denotes a temporal prediction signal from the lower layer being used in

motion-compensated prediction. Thus, they determine the error propagation

path temporally and spatially.

4.3.3 Video Quality Assessment Framework

Image/video quality should be assessed from the perspective of end-user

experience. Objective quality assessment methods that show good correlation

with subjective quality studies provide a suitable tool for perceptual quality

optimization.

In the image/video processing literature, the most widely used full-
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Figure 4.2: Frame structure assumed in this chapter: Temporal scalability
is applied with four temporal layers while quality scalability uses two CGS
layers and the CGS enhancement layer is split into three MGS layers. Key
pictures are marked with hatched boxes and the arrows correspond to spatial
and temporal prediction signals.

reference (FR) metrics for quality assessment are the peak signal-to-noise ra-

tio (PSNR) and the mean squared error (MSE). Although PSNR and MSE

provide a convenient framework for rate-distortion optimization, they have
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poor correlation with the user perceived quality [82],[84]. This is due to the

fact that they quantify the effect of an error by its intensity. Errors with the

same intensity, however, could have drastically different effects depending on

the type of distortion, error location, etc. Based on the fact that each video

frame is structured and spatially correlated, a new approach in [82] quantifies

frame quality degradation in terms of the change in structural information.

The structural similarity (SSIM) index is defined as

SSIM(x, y) = [l(x, y)]α · [c(x, y)]β · [s(x, y)]γ (4.1)

where x is the reference image and y is the corresponding distorted image.

Also, l(x, y), c(x, y), and s(x, y) are the luminance comparison function, con-

trast comparison function, and structure comparison function respectively.

The reader is referred to [82] for a detailed description of these functions.

In this work, we apply a more robust variant of SSIM called multi-scale

SSIM [85] which allows incorporating image detail at different resolutions by

iteratively low-pass filtering and downsampling and applying SSIM at these

different scales. The MS-SSIM index is applied in conjunction with frame

copy error concealment and temporal upsampling. The proposed framework

directly generalizes to other frame-based perceptual quality indices. We use

a frame-based metric since it enables making decisions at a lower granularity

as opposed to video-based metrics which provide a single quality measure for

the entire video sequence. Furthermore, it enables capturing the temporal

variation in quality among frames.
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4.3.4 Channel and PHY Layer Model

We consider a flat fading channel with AWGN noise. We assume the

channel to be time-invariant over the duration of one packet and use the in-

stantaneous SNR to characterize the CSI. The SNR in the time interval of

transmission of the pth packet is denoted by γ[p]. We consider Rayleigh fading

so that γ[p] is exponentially-distributed. We assume that the SNR is reliably

fed back to the transmitter without delay.

At the PHY layer, a set of possible modulation and coding schemes

(MCS) are available for transmission. The set of possible modulation schemes

is denoted M and the set of possible coding rates is denoted C. Although

the formulation considers all combinations of M and C, the link adaptation

algorithm implicitly drops combinations that provide lower throughput and

higher PER than their counterparts. Per-layer packet error rates are used

to provide unequal error protection (UEP) among layers. Link adaptation is

performed at the packet level to map the SNR γ[p] and the layer identifiers

T(p) and Q(p) to a unique MCS (M [p], C[p]) according to the function g :

γ × T × Q 7→ M× C.

4.4 Perceptually-Optimized Unequal Error Protection

In this section, we describe a new method to provide unequal error pro-

tection (UEP) for SVC-coded content. It is based on a QoS-to-QoE mapping

technique that estimates the perceptual quality reduction due to packet losses

at each video layer, hence termed perceptually-optimized UEP. We propose
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an offline QoS-to-QoE mapping applicable to stored video as well as an on-

line QoS-to-QoE mapping applicable to real-time video. The online algorithm

uses ACK history information and quality assessment measurements at the

transmitter to update the unequal protection levels continuously over time.

4.4.1 Problem Formulation

Due to the hierarchical frame structure and inter-layer prediction, error

propagation causes packet losses from different video layers to affect the video

quality differently. This motivates selecting potentially different MCSs for

different packets according to their perceptual relevance to the end-to-end

video quality. To guide the selection of different MCSs for different layers, we

set a PER constraint ρk,l for each video layer (k,l) so that PERk,l ≤ ρk,l.

The set of unequal target packet error rates at time n is denoted by

ρ[n] = {ρk,l[n]}k∈T,l∈Q where time is indexed in GoPs. The set ρ[n] should

be selected to satisfy a target video quality αqmax where qmax is the quality

achieved in the absence of packet losses, i.e., due to source distortion only.

The problem of finding ρ[n] for GoP n is formulated as follows:

For layers (k, l) where k ∈ T, l ∈ Q

select ρk,l[n]

to satisfy Qcl(ρ[n]) ≥ αqmax (4.2)

where Qcl(ρ[n]) is the video quality achieved under combined losses from dif-

ferent video layers where losses in layer (k, l) are such that PERk,l[n] = ρk,l[n].
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In §4.4.5, we propose a QoS-to-QoE mapping technique that is used to find

ρ[n] so that (4.2) is satisfied.

4.4.2 Non-parametric Regression for QoS-to-QoE mapping

We propose online learning for unequal error protection, motivated by

two key insights: On one hand, for real-time video, where a video sequence

is not pre-encoded, an offline approach to determining the unequal protection

levels is infeasible. On the other hand, an online approach enables adapting

to scene changes as well as changes in temporal and spatial characteristics.

Solving the problem in (4.2) requires finding the QoS-to-QoE mapping

ρ 7→ Qcl(ρ) and adapting it over time. An analytical expression for Qcl(ρ)

is difficult to obtain because it includes the effect of pixel-domain operations

such as error concealment, decoding artifacts, and quality assessment. Thus,

we propose to learn a non-parametric model corresponding to the QoS-to-QoE

mapping ρ 7→ Qcl(ρ). The mapping is expensive to learn directly without di-

mensionality reduction because it is parameterized by a vector ρ of size LtLq.

Every point in the LtLq-dimensional space corresponds to one GoP of video

playback, which is typically in the order of one second, and thus a large dataset

is costly to populate and entails a convergence time in the order of the video

scene length, which is impractical. Instead, we propose to reduce the dimen-

sionality of the problem from estimating the function Qcl(ρ) parameterized

jointly by LtLq variables to estimating LtLq variables corresponding to each

layer separately. Solving the reduced-dimensionality problem requires collect-
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ing exponentially less data points, reducing data collection time and, thus,

convergence time. In Section 4.4.3, we show that this dimensionality reduc-

tion can still provide the same perceptual quality guarantee inexpensively.

Denote by Q(k,l)(ρ) the video quality achieved when PERk,l = ρ and

PERk′,l′ = 0 ∀(k′, l′) ̸= (k, l), i.e., when packet errors occur only in layer

(k, l). The problem of predicting the unequal protection level for video layer

(k, l) involves predicting ρk,l[n] given ρk,l[1 : n − 1] and Q(k,l)(ρk,l[1 : n − 1])

where ρk,l[i] is the previous target PERs for layer (k, l) of the ith GoP and

Q(k,l)(ρk,l[i]) is the corresponding video quality.

Since the video natural scene statistics [86–88] exhibit correlation over

short durations of time, the QoS-to-QoE mapping ρ 7→ Q(k,l)(ρ) varies smoothly

over time. Thus, local information are more relevant for adaptation. We

emphasize that the notion of locality corresponds to: (1) similarity in qual-

ity sensitivity to losses, and (2) proximity in time. Using this intuition, we

propose solving the problem using local linear regression over a window of

observations. The learning window w corresponds to ρk,l[n − w : n − 1] and

Q(k,l)(ρk,l[n−w : n−1]). Specifically, the logarithm of the PER is calculated as

a linear combination of the previous PER logarithms to minimize a weighted

least squares problem with the weights selected according to a smoothing ker-

nel. The packet error rate logarithms are used because the range of PER

variations is better captured on a log scale. Thus, the error rate logarithm

characterizes the QoS-to-QoE mapping more accurately.

Theorem 5. The local linear regression solution ρk,l[n] to achieve a target
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video quality q̄ at time n is

log10(ρk,l[n]) =
(
b(q̄)T (BTW(q̄)B)−1BTW(q̄)

)
·

log10(ρk,l[n− w : n− 1]) (4.3)

where q̄ is the target video quality, b(q)T = (1, q), B is a w × 2 matrix with

ith row b(Q(k,l)(ρk,l[n− i])), and W(q̄) is a w×w diagonal matrix with its ith

diagonal element K[n− i] = K(q̄, Q(k,l)(ρk,l[n− i])) corresponding to the kernel

weight between the target video quality and the quality at time n− i.

Proof. See Appendix 4.8.1.

4.4.3 Lower Bound on the QoE with Combined Packet Losses

For a given quality-loss mapping ρ 7→ Q(k,l)(ρ), the local linear regres-

sion step obtained using Theorem 5 guarantees that the mean video quality

is equal to q̄ for the special case where losses occur in each layer separately.

Next, we show that, in the presence of combined losses from different video

layers, we can still instead a lower bound on the video quality. Corollary 3

provides a lower bound on Qcl(ρ) in terms of Q(k,l)(ρk,l). This reduces the

problem complexity from estimating the function Qcl(ρ) parameterized jointly

by LtLq variables to estimating LtLq independent single variate functions cor-

responding to Q(k,l)(ρk,l)∀k, l.

Corrolary 3. Given a set of unequal target packet error rates ρ = {ρk,l}k∈T,l∈Q,

Qcl(ρ[n]) can be lower-bounded as follows
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Qcl(ρ) ≥ qmax −
Lt∑
k=1

Lq∑
l=1

(
qmax −Q(k,l)(ρk,l)

)
(4.4)

Proof. See Appendix 4.8.2.

4.4.4 Selecting the unequal target packet error rates ρk,l

Using the lower bound on Qcl(ρ[n]) in (4.4), it is sufficient to select ρk,l

such that

qmax −
Lt∑
k=1

Lq∑
l=1

(
qmax −Q(k,l)(ρk,l)

)
= q̄ = αqmax (4.5)

to satisfy the target video quality. There are multiple ways to solve for ρk,l to

satisfy equation (4.5). The approach we propose is inspired by the results we

obtain in Figure 4.3 for Q(k,l)(ρk,l) vs. ρk,l. Due to the inter-layer dependencies,

the quality degradation due to losses in base quality layers with l = 0 is

significantly higher than that due to quality enhancement layers with l > 0.

Thus, we define αbase and αenh such that αbaseq
max = Q(k,0)(ρk,0)∀k ∈ T and

αenhq
max = Q(k,l)(ρk,l)∀k ∈ T, l ∈ Q− {0}. Thus, (4.5) reduces to

qmax(1− LtLq + Ltαbase + Lt(Lq − 1)αenh)=αqmax (4.6)

=⇒ LtLq − Ltαbase − Lt(Lq − 1)αenh=1− α (4.7)

Any selection of αbase and αenh that satisfies (4.7) is valid. Given αbase and

αenh, we selectρk,l to satisfy αbaseq
max = E [q (ρk,0)] ∀k ∈ T and αenhq

max =
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Q(k,l)(ρk,l)∀k ∈ T, l ∈ Q− {0} which guarantees that (4.2) is satisfied.

4.4.5 QoS-to-QoE Mapping

Next, we describe two learning-based approaches for estimatingQ(k,l)(ρk,l)

applied to: (1) Stored video where the QoS-to-QoE mapping can be done of-

fline since the video is pre-encoded, and (2) real-time video where the QoS-to-

QoE mapping is performed online.

4.4.5.1 Offline learning for stored video

When the encoded video data are available prior to playback, Q(k,l)(ρk,l)

can be estimated offline. Given a video sequence, we construct a Monte Carlo

simulation where we drop a fixed percentage of packets from layer ρk,l uni-

formly at random. Dropping these packets entails losing their dependants

according to the error propagation model in Figure 4.1. At each run, the bit-

stream is decoded and the quality index is measured. We perform different

instances of the test for each ρk,l value and find the average quality Q(k,l)(ρk,l)

for the range 0 ≤ ρk,l ≤ 1. Repeating over all layers (k,l), we obtain the empir-

ical mapping. The offline QoS-to-QoE mapping is summarized in Algorithm

4.
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Algorithm 4 Unequal Protection for Stored Video: Offline QoS-to-QoE map-
ping.
Given quality with source distortion qmax, target video quality with combined
source/channel distortion q̄ = αqmax

Step 1. Use Monte Carlo simulations to estimate Q(k,l)(ρk,l) for 0 ≤ ρk,l ≤ 1 and all
layers k ∈ T, l ∈ Q.
Step 2. Select αbase and αenh to satisfy (1− α) = LtLq − αbaseLt − αenhLt(Lq − 1).
Step 3. Select base layers’ protection ρk,0 to satisfy αbaseq

max = Q(k,0)(ρk,0)∀k ∈ T.
Step 4. Select enh. layers’ protection ρk,l to satisfy αenhq

max = Q(k,l)(ρk,l)∀k ∈ T, l ∈
Q− {0}.

4.4.5.2 Online learning for real-time video

For real-time video transmission, the offline approach presented above

is not computationally feasible. Instead, the unequal target protection levels

must be learned over time based on real-time observations of effects of packet

errors on video quality.

The proposed solution is depicted in the block diagram in Figure 4.1.

The system starts with equal error protection. The transmitter has access to

the ACK history. After the (n−1)th GoP is transmitted and its complete ACK

history is fed back to the transmitter, a replica of the decoded GoP is recon-

structed with the losses from each layer (k,l) separately. Then, the correspond-

ing quality Q(k,l)(ρk,l[n−1]) is computed using access to the reference video at

the transmitter. Thus, after each GoP, a new tuple (ρk,l[n−1],Q(k,l)(ρk,l[n−1]))

is available at the transmitter. We obtain αbase and αenh given a target video

quality αqmax. Given the observations ρk,l[1 : n−1] andQ(k,l)(ρk,l[1 : n−1]), the

local linear regression fit at q̄ is updated using (4.3) to obtain the corresponding
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ρk,l[n]. We define a learning window w that determines the number of previous

GoPs used for online learning. Thus, tuple (ρk,l[t−w],Q(k,l)(ρk,l[n−w])) is dis-

carded at each iteration so that the fit adjusts based on the varying temporal

statistics of the video sequence. The choice of the size of the window w allows

a standard bias/variance trade-off. A large value of w enables a more factual

estimation of the QoS-to-QoE mapping while a smaller value of w enables a

finer adaptation to the changing video temporal characteristics. The online

procedure is summarized in Algorithm 1.

For initialization purposes, if q̄ > Q(k,l)(ρk,l[n − i])∀i = 1, · · · , w, an

exploratory step is taken by setting ρk,l[n] = ρk,l[n]/κ where κ > 1. Similarly,

if q̄ < Q(k,l)(ρk,l[n− i])∀i = 1, · · · , w, we set ρk,l[n] = ρk,l[n]× κ. This ensures

the initial iterations properly approach the solution.
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Algorithm 5 Unequal Protection for Real-time Video: Online QoS-to-QoE
mapping.
Given quality with source distortion only qmax, target video quality with combined
source/channel distortion q̄ = αqmax, and learning window w
Step 1. Select αbase and αenh to satisfy (1− α) = LtLq − αbaseLt − αenhLt(Lq − 1).
for each GoP n− 1 do

for each layer (k,l) do
Step 2. Use ACK history at the transmitter to reconstruct a replica of the frames
received with losses in layer (k,l).
Step 3. Estimate mean video quality among frames Q(k,l)(ρk,l[n− 1]).
Step 4. Add (ρk,l[n− 1],Q(k,l)(ρk,l[n− 1])) to the dataset and discard (ρk,l[n−w−
1],Q(k,l)(ρk,l[n− w − 1])) from the training data.
Step 5.
if q̄ > Q(k,l)(ρk,l[n− i])∀i = 1, · · · , w then
ρk,l[n] = ρk,l[n− 1]/κ

else if q̄ < Q(k,l)(ρk,l[n− i])∀i = 1, · · · , w then
ρk,l[n] = ρk,l[n− 1]× κ

else
Update the local linear regression fit and compute ρk,l[n] so that αbaseq

max =
Q(k,l)(ρk,0[n]) if l = 0 and αenhq

max = Q(k,l)(ρk,l[n− i]) otherwise.
end if

end for
end for

4.5 Cross-layer Joint Source-Link Adaptation

In this section, we formulate and solve the problem of source-adaptive

and channel-adaptive video transmission with the objective of maximizing per-

ceptual quality subject to packet error rate and playback buffer starvation

constraints. The playback buffer starvation constraint is intended to avoid

aggressive attempts to maximize quality that could potentially result in frame

freezes and re-buffering, specifically, in a bandwidth-limited environment. For

convenience, a list of commonly used notation is provided in Table 4.1.

For the nth GoP, adapting the scalable codec entails selecting the tem-
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Table 4.1: Chapter 4 commonly used notation
n GoP index
p PHY packet index

T [n] Temporal layers transmitted for nth GoP
Q[n] Quality layers transmitted for nth GoP
T(p) Temporal layer identifier for packet p
Q(p) Quality layer identifier for packet p
Gn Set of packets in nth GoP
∆t GoP period

AT,Q = {AT,Q[n]} Source rate process for layer (T,Q)
M Set of possible M-QAM constellations
C Set of coding rates

M [p] Selected constellation size for packet p
C[p] Selected coding rate for packet p
γ[p] Instantaneous SNR/CSI for packet p
B[p] Size of packet p

BPHY[n] Size of nth GoP at the PHY layer
Bk,l[n] Residual size of layer (k,l) for nth GoP
tk,l[n] Tx time for layer (k,l) for nth GoP

ρ = {ρk,l} Set of target PERs for video layers (k,l)
rmax
k,l Max retransmissions for layer (k,l) packets

q̄ = αqmax Target video quality
Qcl(ρ) Average video quality with PER target vector ρ

poral scalability level 0 ≤ T [n] ≤ Lt − 1 and the quality scalability level

0 ≤ Q[n] ≤ Lq − 1. In this context, video layer (T ,Q) corresponds to sending

T temporal layers and Q quality layers. We define the video source rate pro-

cess AT,Q = {AT,Q[n] ; n ≥ 0} for video layer (T ,Q) as a discrete-time process

sampled every GoP as follows

AT,Q[n] =
T∑

k=1

Q∑
l=1

Bk,l[n]/∆t (4.8)
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where ∆t = f/r is the GoP duration, and Bk,l[n] denotes the size of all encoded

residual frames in the nth GoP corresponding to temporal layer k and quality

layer l. In a typical RTP-based streaming application, the entropy-coded frame

data, represented by NAL units, are encapsulated into RTP packets and then

into MAC/PHY layer packets. For simplicity, we assume the protocol overhead

incurred by lower layers is non content-dependent and negligible. Thus, the

only overhead incurred by lower layers is due to channel coding. The overall

PHY layer GoP size after channel coding BPHY[n] is defined as follows

BPHY[n] =
∑
p∈Gn

1{T(p) ≤ T [n]}1{Q(p) ≤ Q[n]}B[p]

C[p]
(4.9)

where B[p] is the size of packet p, Gn is the set of packets belonging to the

nth GoP, C[p] ∈ C is the selected code rate for packet p, and 1{.} is the

indicator function. Each packet has a temporal layer identifier T(p) and a

quality layer identifier Q(p). Note that the sum is only over packets selected

for transmission.

4.5.1 Playback Buffer Starvation

Since a possibly different rate and channel code is selected for each

packet, the timeslot tk,l[n] allocated to the transmission of video layer (k,l) is

tk,l[n] =
∑
p∈Gn

1{T(p) = k}1{Q(p) = l} B[p]

B log2(M [p])C[p]
(4.10)
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where M [p] ∈ M is the constellation size selected for packet p and B is the

system bandwidth. Playback buffer starvation occurs when a video frame is

requested by the application layer for playback before being fully received.

From a user quality of experience (QoE) perspective, playback buffer starva-

tion is undesirable because it results in frame freezes and re-buffering. This

constraint can be translated as

n∑
i=1

T [i]∑
k=0

Q[i]∑
l=0

tk,l[i] ≤ (n− 1)∆t+ ts − tb[n] (4.11)

where ts is a tunable parameter corresponding to the startup delay. Further-

more, tb[n] is a buffering margin parameter that allows the server to tune the

trade-off between the desired video quality, i.e., average source rate and the

mean playback buffer size. A large value of tb[n] essentially causes the source

adaptation algorithm to back-off the source rate so that the delay constraint

defined in (4.11) is met. Consequently, this will make the average size of the

playback buffer contents at the receiver larger since the same channel will

be serving a slower source. Generally, increasing tb[n] reduces the probabil-

ity of buffer underflow while decreasing tb[n] reduces the probability of buffer

overflow for systems with finite buffers.

Satisfying (4.11) ensures continuity of playback at the receiver for any

tb[n] > 0. We note, however, that prior to transmitting the nth GoP, computing

tk,l[n] requires non-causal knowledge of the channel response for the entire GoP

duration which typically spans multiple coherence times. Instead, to preserve
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causality, we propose to estimate t̃k,l[n] , Eγn
[tk,l[n]] where γn is the vector of

SNRs corresponding to the nth GoP packets. Thus, in addition to tuning the

tradeoff between the average source rate and the mean playback buffer size,

the buffering margin helps avoid playback buffer starvation by compensating

for the channel uncertainty imposed by the causality constraint. Given that

the first n− 1 GoPs were transmitted, we use knowledge of tk,l[i] for i < n to

rewrite the constraint as follows

T [n]∑
k=0

Q[n]∑
l=0

t̃k,l[n] ≤ (n− 1)∆t+ ts − tb[n]−
n−1∑
i=1

T [i]∑
k=0

Q[i]∑
l=0

tk,l[i] (4.12)

The last term of (4.12) is denoted by telapsed[n] and it indicates the time spent

to send the first n − 1 GoPs. We formulate the problem of joint source-link

adaptation in §4.5.2. In §4.5.3.1, we propose a method to estimate t̃k,l[n] and

use it to adapt the source by selecting T [n] and Q[n].

4.5.2 Problem Formulation

The problem of joint source-channel adaptation for maximizing percep-

tual quality is formulated as follows
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For GoP n

Select T [n], Q[n], {M [p]; p ∈ Gn}, {C[p]; p ∈ Gn}

to max. E[q[n]]

s.t.

T [n]∑
k=0

Q[n]∑
l=0

t̃k,l[n]≤(n− 1)∆t+ ts − tb[n]− telapsed[n] (4.13)

PERk,l ≤ ρk,l; 0 ≤ k ≤ T [n]; 0 ≤ l ≤ Q[n] (4.14)

C[p] ∈ C; M [p] ∈ M; p ∈ Gn (4.15)

where E[q[n]] is the quality measure averaged over all frames in the nth GoP

and corresponding to sending T [n] temporal layers and Q[n] quality layers

with MCSs per packet according to C[p] and M [p]. The playback buffer star-

vation constraint is specified in (4.13) and the PER constraints per video layer

determined by the QoS-to-QoE mapping are specified in (4.14).

4.5.3 Source-Link Adaptation Algorithm

Since the channel is assumed invariant only over the duration of a single

packet, the timescale of channel adaptation is smaller than that of source

adaptation. For each GoP, the algorithm first makes a decision as to which

video layers to transmit. This entails dropping the corresponding upper layer

packets. For all lower layer packets selected for transmission, a decision is made

on the best MCS to be used. GoP-level source adaptation uses aggregated

channel statistics and does not assume non-causal channel knowledge. On the

other hand, packet-level link adaptation uses instantaneous CSI.
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4.5.3.1 Source adaptation at the GoP level

For each GoP, the objective is to make a decision on which video layers

to transmit. We always attempt to send the base layer (k,l)=(0,0). For video

layer (k,l), we cannot assume channel knowledge for the entire duration of

transmission since it spans multiple coherence times of the channel. In the

absence of channel knowledge, the time to transmit each video layer is un-

known. We estimate, however, the expectation of that random variable. We

denote by γn = {γ[p]; p ∈ Gn} the vector of channel realizations for all pack-

ets in the nth GoP. Theorem 6 provides the expected transmission time per

scalable video layer assuming a quasi-static fading channel where the channel

is fixed for the packet duration and varies independently among packets. It

covers a multitude of MCS mapping scenarios since the mapping function g(.)

can be arbitrarily chosen to be layer-dependent. Of interest in this work are

MCS mappings that provide video-specific unequal error protection such as

that described in §4.5.3.2. Given any such mapping, (4.17) can be estimated

numerically.

Theorem 6. For a quasi-static fading channel with fading distribution fγ, the

expected time to transmit video layer (k,l) of the nth GoP is given by

t̃k,l[n] , Eγn
[tk,l[n]] (4.16)

= Bk,l[n]

∫ ∞

0

fγ(γ)

B log2(M(γ, k, l))C(γ, k, l)
dγ (4.17)
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if there exists a function g : γ × T × Q 7→ M × C that maps the SNR γ[p]

and the layer identifiers T(p) and Q(p) to a unique MCS M(γ[p],T(p),Q(p)),

C(γ[p],T(p),Q(p)).

Proof. See Appendix 4.8.3.

Channel measurements collected from previous transmissions are used

to estimate and update the fading distribution fγ over time. For a Rayleigh

fading model, the distribution is fully described by the average SNR. Thus,

it simplifies into keeping a running average of past SNR observations and

using it to perform scheduling. After estimating the transmission time per

layer according to (4.17), the adaptation algorithm picks the largest number

of temporal layers and the largest number of quality layers such that the sum of

average transmission times for all selected layers does not violate the constraint

in (4.13). This corresponds to the following decision rules

T [n] = max
T ′∈T

{
T ′ s.t.

T ′∑
k=0

t̃k,0[n] ≤ (n− 1)∆t+ ts − tb[n]− telapsed[n]

}

Q[n] = max
Q′∈Q

Q′ s.t.

T [n]∑
k=0

Q′∑
l=0

t̃k,l[n] ≤ (n− 1)∆t+ ts − tb[n]− telapsed[n]

 ·

Note that sudden variations in long-term channel conditions, e.g., due to mo-

bility, cause the collected fading statistics to become obsolete, leading to under-

estimation or overestimation of the transmission time. The buffering margin

parameter introduced in (4.11) provides robustness against this problem. We
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note that the scheduling rule in (4.18) and (4.18) implies that the average buffer

playback buffer size, defined as E[(n−1)∆t+ ts−
∑n

i=1

∑T [i]
k=0

∑Q[i]
l=0 tk,l[i]], can-

not be smaller than E[tb[n]]. Considering the case when tb[n] = tb is a constant

parameter, the average playback buffer size is at least tb. If buffer starvation

occurs, non-transmitted enhancement layers are dropped, and the scheduler

skips to the next GoP.

For video quality assessment, if T [n] < 4 for some GoP, i.e., not all

temporal layers were selected for transmission, or if channel impairments cause

a frame loss, frame copy error concealment is applied to reconstruct the video

back to the maximum temporal rate. Then, frame quality is measured by

comparing the reconstructed frame with the reference frame. Video quality

measurement is done at the transmitter level since the transmitter has access

to the reference and can use the acknowledgement history to reconstruct the

received video.

4.5.3.2 Link adaptation at the packet level

The lower granularity of the adaptation problem involves adapting the

MCS to provide perceptually-optimized unequal error protection. Assume a

video layer is selected for transmission. For each packet, a decision has to

be made as to which MCS is used for transmission at the PHY layer. The

layer identifier (T(p),Q(p)) is known and perfect knowledge of γ[p] is assumed.

Given the instantaneous SNR, the algorithm selects the MCS that satisfies the

per-layer target PER and maximizes throughput. Formally, {M [p], C[p]} =
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argmax{log2(M) C(1−PER(M,C, γ[p])) s.t. PER(M,C, γ[p]) ≤ ρT(p),Q(p)}. If

no MCS can support the per-layer PER constraints, the MCS that maximizes

reliability is chosen, i.e., {M [p], C[p]} = argminM∈M,C∈C{PER(M,C, γ[p])}.

Algorithm 6 details the proposed source and link adaptation approach.
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Algorithm 6 The proposed cross-layer QoE-aware video adaptation algo-
rithm.
Given M ; C ; Lt ; Lq ; {Gn}Nn=1 ; tb ; ts ;T = {0, · · · , Lt − 1} ; Q = {0, · · · , Lq − 1}
for n = 1 : N{For each GoP} do

Scalable Codec Adaptation

Estimate t̃k,l[n] ∀k ∈ T, l ∈ Q using (4.17)

T [n] = max{T ′ s.t.
∑T ′

k=0 r̃k,0[n]t̃k,0[n] ≤ (n− 1)∆t+ ts − tb − telapsed[n]}
Q[n] = max{Q′ s.t.

∑T [n]
k=0

∑Q′

l=0 r̃k,l[n]t̃k,l[n] ≤ (n− 1)∆t+ ts − tb − telapsed[n]}
telapsed[n+ 1] = telapsed[n]

QoS-to-QoE Mapping
Apply Algorithm 5 to update ρk,l[n] ∀ k ∈ T, l ∈ Q based on the ACK history and the
target video quality

for p ∈ Gn s.t. (T(p) ≤ T [n] and Q(p) ≤ Q[n]) do
Video-aware Link Adaptation
Given γ[p], B[p],T(p),Q(p), r(p) = 0
if ∃M ∈ M, C ∈ C s.t. PER(M,C, γ[p]) ≤ ρT(p),Q(p)[n] then
{M [p], C[p]} = argmax{log2(M) C(1− PER(M,C, γ[p]))}

s.t. PER(M,C, γ[p]) ≤ ρT(p),Q(p)

else
{M [p], C[p]} = argminM∈M,C∈C{PER(M,C, γ[p])}

end if
Transmit packet according to {M [p], C[p]}
telapsed[n+ 1] = telapsed[n+ 1] +B[p]/(B log2(M [p])C[p])
while packet p in error and r(p) < rmax

T(p),Q(p){Retransmission} do

{M rtx, Crtx} = argmaxM ′∈M,C′∈C{PER(M ′, C ′, γ[p])
s.t. PER(M ′, C ′, γ[p]) < PER(M [p], C[p], γ[p])}

Retransmit packet p according to {M rtx, Crtx}
telapsed[n+ 1] = telapsed[n+ 1] +B[p]/(B log2(M

rtx)Crtx)
r(p) = r(p) + 1

end while
if telapsed[n+ 1] ≥ n∆t{Playback buffer starvation} then
Drop all packets left and skip to next GoP

end if
end for

end for
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4.5.3.3 Incorporating MAC layer retransmissions

We extend the source-link adaptation procedure to handle MAC layer

retransmissions in the case of packet losses and errors. To provide priori-

ties to different video layers at the MAC, we allow the maximum number

of retransmissions per packet to vary depending on the packet layer identifier.

This avoids the situation where excessive retransmission of upper layer packets

causes significant transmission delay and results in supporting a lower source

rate. In that case, from a system-level QoE perspective, dropping enhance-

ment layer packets is beneficial as it avoids re-buffering and frame freezes.

Thus, we define the maximum number of transmissions rmax
k,l to be video layer-

dependent, where (k,l) is the layer identifier. To ensure timely delivery, if a

transmission fails, the next retransmission is made with a lower order MCS

that provides higher reliability according to the rule

{M rtx, Crtx} = argmaxM ′∈M,C′∈CPER(M
′, C ′, γ[p])

s.t. PER(M ′, C ′, γ[p]) < PER(M [p], C[p], γ[p]).

With retransmissions, the estimate of the transmission time per video layer t̃k,l

is no longer valid since it does not take into account the excess time consumed

by retransmissions. To account for that, we modify constraint (4.13) as follows

T [n]∑
k=0

Q[n]∑
l=0

r̃k,l[n]t̃k,l[n] ≤ (n− 1)∆t+ ts − tb[n]− telapsed[n] (4.18)
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where r̃k,l[n] is the expected number of retransmissions for packets correspond-

ing to layer (k,l). In practice, we compute r̃k,l[n] using acknowledgment history

for the packets in the previous GoP. Thus, in the presence of retransmissions,

the number of temporal and quality layers are determined according to the

following expressions

T [n]=max
T ′∈T

{
T ′ s.t.

T ′∑
k=0

r̃k,0[n]t̃k,0[n] ≤ (n− 1)∆t+ ts − tb[n]− telapsed[n]

}

Q[n]=max
Q′∈Q

Q′ s.t.

T [n]∑
k=0

Q′∑
l=0

r̃k,l[n]t̃k,l[n] ≤ (n− 1)∆t+ ts − tb[n]− telapsed[n]

 ·

4.5.4 Complexity Analysis

We analyze the complexity of the operations involved in Figure 4.1 and

Algorithm 3 to establish its feasibility for real-time and stored video streaming.

In the QoS-to-QoE component, the most expensive operation is reconstruct-

ing the raw video sequence using the ACK history and the scalable bitstream.

This step, however, is affordable at the transmitter since the video decoding

operations are typically less expensive than video encoding so the added over-

head is reasonable. Furthermore, quality assessment is inexpensive for typical

frame-based metrics. The unequal protection targets are selected by applying

local linear regression to a set of training samples which involves only linear

operations per video layer. Finally, the source adaptation and link adaptation

blocks at the APP layer involve inexpensive operations that are linear in the
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number of layers and the number of packets per GoP.

4.6 Results and Analysis

In this section, we demonstrate the gains from unequal error protection

and we show that the proposed cross-layer video optimization framework reg-

ulates the playback buffer size and avoids frame freezes and re-buffering. We

consider a flat Rayleigh fading channel with a bell-shaped doppler spectrum

suitable for an indoor environment. The speed is 3 m/s and the bandwidth is

500 KHz. Since the typical indoor rms delay spread is on the order of 50 ns,

it is reasonable to assume a flat fading channel. The set of possible M-QAM

constellations is M = {2, 4, 16, 64} corresponding to BPSK, 4-QAM, 16-QAM,

and 64-QAM. The set of possible coding rates is C = {1/2, 2/3, 3/4, 5/6}.

Thus, the range of data rates is 0.5 Mbps to 2.5 Mbps. The “riverbed” and

“pedestrian” sequences from the LIVE video database [89],[90] are used for

testing. The maximum frame rate is 25 fps and the video sequence length is

10 sec.

The JSVM reference software [91] is used to encode and decode the

scalable bitstream. We noticed that the JSVM software codec is not robust

enough to handle arbitrary NAL unit losses from the base quality layer, i.e.,

packets p s.t. Q(p) = 0. With base layer losses, the decoder fails to operate

on the received stream. Thus, when losses occur in the base layer, the frame

affected by the loss is dropped and frame-copy error concealment is applied in

which case the JSVM decoder is able to operate on the received stream.
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Figure 4.3: Offline learning of QoS-to-QoE mapping of the “riverbed” video
sequence.

4.6.1 QoS-to-QoE Mapping and Unequal Error Protection

First, to demonstrate the value of unequal error protection, Figure 4.3

shows the video quality achieved when a fraction ρT,Q of packets is lost from

each temporal-quality layer of the “riverbed” video sequence, averaged over

several realizations. Since packet losses in the base quality layer may cause

frame losses and error concealment, we notice a significant drop in quality

due to losses of packets with layer identifier Q = 0. For a given video quality

requirement, per-layer PER targets among different quality layers are an order

of magnitude apart which clearly advocates for unequal error protection.
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Next, we demonstrate the online learning algorithm on test video se-

quences from the LIVE video database to ensure its rapid convergence as well

as its adaptability to video temporal characteristics. For quality assessment,

we use the multi-scale SSIM index [85] which was shown to provide very good

correlation with subjective quality.

We set κ = 3, the target video quality αqmax = 0.97, and we use a

Gaussian kernel with a parameter 0.2. Figure 4.4 shows a case study of online

learning applied to the ”pedestrian“ video sequence with a learning window

w = 30. Starting with ρk,l = 0.1 for all layers, the corresponding video quality

is poor. As the algorithm adapts online, the protection of base quality layers is

increased and the protection of quality enhancement layers is relaxed so as to

approach the target video quality. The convergence time is very rapid as the

target video quality is approached in less than 2 seconds of video playback and

is stable throughout playback. Furthermore, we show a baseline corresponding

to the base quality layer alone (Lq = 1) and an upper bound on quality

corresponding to lossless transmission, i.e., PERk,l = 0 ∀(k, l). The online

algorithm closely approaches that with lossless transmission, thus showing the

robustness of the proposed UEP scheme.

Next, Figure 4.5 demonstrates how the algorithm adapts to scene changes.

We set w = 6 and the scene change occurs at 10 sec where video playback is

switched from the “pedestrian” sequence to the “riverbed” sequence. The

“riverbed” sequence encoding is able to almost achieve the target video qual-

ity with the base layer fidelity only. Thus, the enhancement layer protection is
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Figure 4.4: Online learning of QoS-to-QoE mapping case study: Top: Unequal
protection levels of scalable video layers over time; Bottom: Video quality over
time.

relaxed further and the base layer protection is improved accordingly to ensure

the target video quality is maintained. Furthermore, the algorithm converges

only 3 seconds after the scene change and the video quality fluctuates only

slightly and smoothly.

4.6.2 Source- and Channel-Adaptive SVC Transmission

We note that with quasi-static fading with a constant channel state for

the packet duration, we can find the relation between the instantaneous SNR

and the PER for each MCS and packet size. For the channel model assumed
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Figure 4.5: Online adaptation to video scene changes: Top: Unequal protec-
tion levels of scalable video layers over time; Bottom: Video quality over time.
Scene change occurs at 10 sec.

in this work with packet size of 256 bytes, the PER vs. Eb/N0 relations are

shown for the 16 MCSs in Figure 4.6.

We present a case study for the cross-layer source-link adaptation al-

gorithm for 30 seconds of video playback. Furthermore, we compare the pro-

posed UEP-based MCS selection with non-video-aware throughput maximiza-

tion. Throughput maximization refers to the scenario where the throughput-

maximizing MCS is selected based on the SNR irrespective of the packet layer

identifier. The instantaneous SNR process is shown in Figure 4.7(a). We con-

sider a channel realization with average SNR γ̄ = 15 dB and frequent deep
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Figure 4.6: PER waterfall curves for a quasi-static channel with 256-byte
packets.

fades. We allow 2 seconds startup delay for buffering and we set the buffering

margin parameter tb to 0.7 seconds. Figure 4.7(b) shows the perceptual video

quality over time achieved with unequal error protection and with throughput

maximization. Note that the time reference follows the receiver playback tim-

ing. With unequal error protection, higher perceptual quality is maintained

while the SNR fluctuates. This is due to the fact that unequal error protec-

tion relaxes the MCS choice for less relevant packets which allows supporting

a higher source rate. To confirm this claim, we show the number of quality
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Figure 4.7: Part 1 of case study of the cross-layer video optimization algorithm
applied to the pedestrian video sequence with and without unequal error pro-
tection for γ̄ = 15 dB, startup delay ts = 2s, and buffering margin tb = 0.7s:
Top: Instantaneous SNR per packet γ[p]; Middle: Perceptual video quality
over time; Bottom: Number of temporal and quality layers selected.
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Figure 4.8: Part 2 of case study of the cross-layer video optimization algo-
rithm applied to the pedestrian video sequence with and without unequal
error protection for γ̄ = 15 dB, startup delay ts = 2s, and buffering margin
tb = 0.7s: Top: Instantaneous SNR per packet γ[p]; Middle: Video source rate
and instantaneous throughput averaged by a 50-packet-wide moving window;
Bottom: Playback delay process defined as the buffered video length plus the
time left to start video playback.
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and temporal layers selected for transmission in both cases in Figure 4.7(c).

It can be seen that more video layers can be supported with unequal error

protection. As per our design, temporal scale changes at a coarser pace than

quality scale. Thus, as the channel quality degrades, the scheduler first backs

off the number of quality layers. Under extreme channel conditions, the sched-

uler backs off the temporal rate as well and applies error concealment in which

case the video quality drops. With throughput maximization, the temporal

rate is forced to drop much more often.

Figure 4.8(b) shows the instantaneous throughput and the video play-

back rate. The video playback rate is a time-delayed version of the video source

rate measured at the GoP-level granularity. Due to buffering, it is smoothed

out over time: a feature desirable by the end-user. The throughput achieved

in the two cases is similar. We note, however, that the lag between the two

processes is due to the lower retransmission overhead in the video-aware case.

Finally, in Figure 4.8(c), we show the playback delay process defined as the

time left to playback the video data at the tail of the playback buffer. For

t > ts, this corresponds to the buffered video length. For t < ts, it corresponds

to the buffered video length plus the time left to start video playback. We de-

duce that the proposed algorithm regulates the playback buffer contents over

time based on the long-term channel conditions to maintain enough data to

compensate for channel degradations. Furthermore, it avoids playback buffer

starvation and re-buffering. In the proposed source adaptation algorithm, the

average size of the playback buffer is controlled by the buffering margin pa-
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Figure 4.9: Video quality vs. average SNR for the same fading realization with
video-aware unequal error protection and with non-video-aware throughput
maximization applied to the pedestrian video sequence.

rameter tb.

4.6.3 Unequal Error Protection Gains

To emphasize the gains due to unequal error protection, we present

analysis of the video quality vs. average SNR in Figure 4.9 for the proposed

UEP-based MCS selection and for non-video-aware throughput maximization.

Since UEP provides relaxed protection for packets of lower relevance, higher

source rate and quality can be supported. We notice up to 3 dB difference
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Figure 4.10: Video-aware UEP-based MCS selection vs. constrained through-
put maximization MCS selection for the riverbed video sequence with γ̄ = 18
dB; Top: Video quality, Middle: PHY data rate; Bottom: Mean source rate.
The x-axis corresponds to the PER constraint for throughput maximization.
Note that the UEP case is shown as a reference, i.e., is independent from the
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Figure 4.11: The playback delay process for different values of startup delay
ts with buffering margin tb = 0.7s and γ̄ = 16 dB. The playback delay process
corresponds to the time left to playback the video data at the tail of the
playback buffer or, equivalently, the buffered video length plus the time left to
start video playback.

in average SNR required to support the same video quality. For instance, to

support a quality of 0.82, the average SNR with and without unequal error

protection is 14 dB and 11 dB respectively. With a simplified AWGN capacity

model, this translates to 1.25x capacity gain. Furthermore, since MS-SSIM

is highly non-linear in the user perception, small gains in the high MS-SSIM

regime are significant.

Next, we compare the proposed UEP-based MCS selection with con-

strained throughput maximization, which refers to the scenario where the

throughput-maximizing MCS that satisfies a given PER constraint is selected.

This PER constraint is the same irrespective of the type of content, that is, all
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Figure 4.12: The buffered video length process for different values of buffering
margin tb with startup delay ts = 2s and γ̄ = 16 dB.

content are equally protected. Figure 4.10 shows the video quality, the PHY

data rate, and the average video source rate vs. the PER constraint for the

throughput-maximizing policy with and without retransmission applied to the

riverbed video sequence with B = 1 MHz. As a reference, the thick line shows

the corresponding value for the UEP-based MCS selection. Additionally, the

maximums retransmissions with UEP are as follows: r0,0 = 15, rk,0 = 10,

r0,l = 5, rk,l = 3 where 1 ≤ k ≤ 4 and 1 ≤ l ≤ 4. The average SNR is γ̄ = 18

dB.

For constrained throughput maximization, when the PER constraint is

very conservative, lower-order MCSs are selected. This results in lower data

rate, a smaller number of video layers is supported, and the video quality

degrades. In comparison, the proposed UEP scheme sets conservative PER
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targets only for perceptually relevant packets, thus maintaining the ability to

support a higher source rate and video quality.

In the absence of UEP, relaxing the PER constraint improves the qual-

ity due to retransmissions. However, it still cannot outperform unequal error

protection. Furthermore, this results in the reduction of the video source rate

due to the waste of bandwidth on retransmission of less relevant packets. Com-

paring constrained throughput-maximization with PER constraint of 0.1 with

UEP-based MCS selection, we notice that the latter is able to achieve a higher

video quality even though the PHY data rate is 0.55 Mbps lower. This 23%

reduction in data rate vs. throughput maximization translates to supporting

1.3x streams using the same bandwidth while achieving a higher long-term

video quality. Furthermore, the difference between the source rate and the

PHY data rate is low. This better utilization of channel resources stems from

the fact that UEP-based MCS selection prevents wasting bandwidth on pack-

ets of lower relevance to the end-to-end video quality. In summary, applying

video-aware UEP achieves gains in video quality for the same PHY data rate

or equivalently reduces the required data rate to support the same end-to-end

video quality.

4.6.4 Buffering and Startup Delay Analysis

We analyze the buffering behavior of the source rate adaptation algo-

rithm proposed in §4.5.3.1, specifically, the effect of adjusting the buffering

margin and the startup delay parameter. For that purpose, we define the
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playback delay process as the time left to playback the video data at the tail of

the playback buffer. Equivalently, it corresponds to the buffered video length

plus the time left to start video playback. For t > ts, this simply reduces

to the buffered video length in seconds. In a typical video streaming client

application, the buffered video length represents the time difference between

the playback pointer and the loaded content pointer. It is desirable to keep

this value small to avoid unnecessary bandwidth utilization if the user quits

early but not too small to avoid frame freezes. Figure 4.11 shows the buffered

video length process for different values of startup delay ts with buffering mar-

gin tb = 0.7s and γ̄ = 16 dB. A large startup delay causes the buffered video

length to be large but stabilize over time as the buffer contents are consumed.

The initial state is eventually forgotten and the buffer size process stabilizes

despite the variations in channel conditions. Furthermore, even if the startup

delay parameter is very small, the source adaptation algorithm backs off the

source rate initially to avoid frame freezes and still maintain continuity of video

playback.

As argued in §4.5.3.1, the buffering margin parameter is directly corre-

lated with the mean playback buffer size. To confirm this claim, we show the

playback delay process in Figure 4.12 for different values of the buffering mar-

gin tb with startup delay ts = 2s and γ̄ = 16 dB. We can see that as tb increases,

the probability of buffer starvation decreases and more buffering is performed

at the client device since the rate at which the playback buffer is consumed

becomes lower. Figure 4.13 shows this tradeoff more clearly by showing the
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Figure 4.13: Tradeoff between buffering margin parameter and mean playback
buffer size on one hand and the video quality and source rate on the other
hand for ts = 2s and γ̄ = 16 dB.

mean buffer size, the video quality, and the mean source rate that result from

different settings of the buffering margin parameter. For tb = 1s, the mean

playback buffer size is 1.24s and a source rate of 0.61 Mbps is achieved which

results in an average video quality of 0.944. For tb = 0.1s, the mean playback

buffer size drops to 0.44s, the source rate increases to 0.7 Mbps and the average

video quality increases to 0.96.
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4.7 Summary

We proposed a cross-layer design to optimize video quality of H.264

SVC encoded bitstreams by jointly adapting the scalable codec and the MCS

choice in a video-aware manner. Unequal error protection per video layer is

provided based on loss visibility estimation and adapted to the channel and

video characteristics over time. Scalable codec adaptation regulates the play-

back buffer and avoids playback buffer starvation. The cross-layer adaptation

algorithm can be executed in a decentralized fashion at each protocol layer

separately, requires minimal cross-layer overhead, and provides notable qual-

ity and capacity gains.

4.8 Appendices

4.8.1 Proof of Theorem 5

The local linear regression problem corresponding to minimizing a kernel-

weighted least squares problem at the point corresponding to the target quality

q̄ is as follows

minα(q̄),β(q̄)

w∑
i=1

K[t− i] · (log10(ρk,l[t− i]) (4.19)

−α(q̄)− β(q̄)Q(k,l)(ρk,l[t− i]))

where K[t− i] = K(q̄, Q(k,l)(ρk,l[t− i])) is the kernel weight between the target

video quality and the quality at time t− i and (α(q̄), β(q̄)) represent the linear

193



model. The corresponding estimate is log10(ρk,l[t]) = α(q̄) − β(q̄)q̄ or, equiv-

alently, ρk,l[t] = 10α(q̄)−β(q̄)q̄. The result follows by writing the least squares

solution using standard methods [92].

4.8.2 Proof of Corollary 3

Consider two video layers (k1,l1) and (k2,l2). Assume w.l.o.g. that

layer (k2,l2) depends on layer (k1,l1), i.e., a temporal or spatial prediction

signal from (k1,l1) is used in reconstructing (k2,l2). Consider a set S1 of lost

slices in layer (k1,l1) due to a packet error rate ρk1,l1 and denote by e1 the loss

in video quality due to losing S1. Furthermore, denote by S′
2 the set of slices in

layer (k2,l2) affected by error propagation from the set S1. Now, consider a set

of lost slices S2 in layer (k2,l2) due to a packet error rate ρk2,l2 and denote by e2

the loss in video quality due to losing S2. The worst-case quality loss due to S1

and S2 combined occurs when the sets S′
2 and S2 are disjoint, i.e., S

′
2∩S2 = ∅.

In that case, the error propagation signal from layers (k1,l1) and (k2,l2) are

independent both spatially and temporally. Thus, the overall quality loss is

exactly e1 + e2. In the extreme case where S2 and S′
2 are always disjoint,

the quality loss is E[e1] + E[e2] = (qmax − E [q (ρk1,l1)]) + (qmax − E [q (ρk1,l1)]).

Due to the disjoint error propagation paths, the result generalizes to a set

of packet error rates ρ = {ρk,l}k∈T,l∈Q combined where the overall quality

loss is at most
∑Lt

k=1

∑Lq

l=1

(
qmax −Q(k,l)(ρk,l)

)
and it follows that Qcl(ρ[n]) ≥

qmax −
∑Lt

k=1

∑Lq

l=1

(
qmax −Q(k,l)(ρk,l)

)
.
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4.8.3 Proof of Theorem 6

The expression in (4.17) can be derived as follows:

t̃k,l[n] , Eγn
[tk,l[n]] (4.20)

=Eγn

 ∑
p∈Gns.t.

T(p)=k,Q(p)=l

B[p]

B log2(M(γ[p], k, l))C(γ[p], k, l)

 (4.21)

=
∑

p∈Gns.t.
T(p)=k,Q(p)=l

Eγn

[
B[p]

B log2(M(γ[p], k, l))C(γ[p], k, l)

]
(4.22)

=
∑

p∈Gns.t.
T(p)=k,Q(p)=l

Eγ[p]

[
B[p]

B log2(M(γ[p], k, l))C(γ[p], k, l)

]
(4.23)

=
∑

p∈Gns.t.
T(p)=k,Q(p)=l

∫ ∞

0

B[p]

B log2(M(γ, k, l))C(γ, k, l)
fγ(γ)dγ (4.24)

=

 ∑
p∈Gns.t.

T(p)=k,Q(p)=l

B[p]

∫ ∞

0

fγ(γ)

B log2(M(γ, k, l))C(γ, k, l)
dγ (4.25)

=Bk,l[n]

∫ ∞

0

fγ(γ)

B log2(M(γ, k, l))C(γ, k, l)
dγ. (4.26)

For packet p, given the packet size B[p], the layer identifier (T(p),Q(p)), and

the SNR γ[p], the transmission time is deterministically known and given by

B[p]/B log2(M(γ[p], k, l))C(γ[p], k, l) where M(γ[p], k, l) and C(γ[p], k, l) are

obtained by the unique MCS mapping g : γ × T × Q 7→ M × C. Thus, (4.21)

follows. Next, (4.22) follows from the linearity of expectation. Note that the

expectation is taken over the multidimensional vector of per-packet SNRs.

Based on assuming a quasi-static i.i.d SNR process, however, we can take the
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expectation over the marginal distribution of γ[p] instead as in (4.23). Finally,

(4.25) and (4.26) follow from the fact that the packet size is independent of

the channel state.
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Chapter 5

Concluding Remarks

This chapter summarizes the contributions of this dissertation and

presents several directions for future research.

5.1 Summary

This dissertation presented strategies for perceptual video quality opti-

mization for individual video streams and across video users, as well as being

applicable across the spectrum of real-time and stored video delivery. A com-

mon theme of the various contributions is that the video data structure and the

wireless channel variability is exploited in adapting the video source and the

wireless transmission medium to improve video quality and capacity. Table 5.1

summarizes the scope of the three major contributions of the dissertation in

relation to the type of video encoders, scope of optimization, video transport

use case, and assumed mobility level.

In Chapter 2, we used the concept of effective capacity to provide a

framework for statistical delay provisioning for multiple video users sharing a

wireless network. Sum quality-maximizing resource allocation policies as well

as fairness-based policies were derived. Furthermore, maximal user subset
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Table 5.1: A summary of the contributions and their scope
Contribution 1 (Chapter 2) 2 (Chapter 3) 3 (Chapter 4)
Video Encoder Any Non-scalable Scalable
Optimization scope Multiuser Single user Single user
Use case Real-time Real-time Real-time/stored
Mobility High Low/Moderate Low/Moderate

scheduling was proposed to maximize the number of scheduled users that can

meet their QoS requirement. Significant gains in capacity, measured in terms

of number of users supported in the system, are achieved due to QoS-aware

scheduling and resource allocation.

In Chapter 3, we proposed an architecture for prioritized packet de-

livery over a MIMO PHY layer based on loss visibility taking advantage of

the large variability in loss visibility due to the video source and encoder fea-

tures. We presented a loss visibility-based packet prioritization policy that

maps different packets to different spatial streams and derived the optimal

solution for any loss visibility distribution. The proposed architecture requires

minimal additional cross-layer overhead while achieving significant quality and

capacity gains.

In Chapter 4, we proposed a cross-layer design to optimize video qual-

ity of scalable video encoded bitstreams by jointly adapting the scalable codec

and the modulation and coding. Unequal error protection per video layer is

provided based on loss visibility estimation and adapted to the channel and

video characteristics over time. Scalable codec adaptation regulates the play-

back buffer and avoids playback buffer starvation. The cross-layer adaptation
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algorithm can be executed in a decentralized fashion at each protocol layer

separately, requires minimal cross-layer overhead, improves video quality, en-

abling supporting more simultaneous video users.

5.2 Future Work

While this dissertation addresses several issues related to single user and

multiuser perceptual quality optimization, extensions in multiple directions are

possible. Select future work is highlighted below:

5.2.1 Quality-driven Resource Allocation in Frequency Selective
Channels

In Chapter 2, we solved the problem of resource allocation for maximiz-

ing the sum video quality, as well as the minimum video quality, in a network

with multiple video users sharing wireless channel resources. The analysis fo-

cuses on narrowband channels where each user is assumed to experience flat

fading. In wideband channels, where the bandwidth allocated to a user is

larger than the channel coherence bandwidth, the user experiences frequency-

selective fading. State-of-the-art systems, such as 3GPP LTE, use orthogonal

frequency-division multiple access (OFDMA) to regulate multiple access to

the channel. With OFDMA, subsets of subcarriers are assigned to individual

users. Based on feedback information about the channel conditions, adaptive

user-to-subcarrier assignment can be performed to achieve high system spec-

tral efficiency. OFDMA can also be described as a combination of frequency
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domain and time domain multiple access, where the resources are partitioned

in the time-frequency space, and slots are assigned along the OFDM symbol

index as well as OFDM subcarrier index. The smallest granulaity of time-

frequency resources available for allocation to individual users are known as

resource blocks (RBs). OFDMA resource allocation has been heavily investi-

gated in the literature for maximizing physical layer performance metrics of

interest such as ergodic sum rate (e.g. [93–96]).

In light of this dissertation contributions, resource allocation policies

that directly optimize video quality as well as satisfy user-dependent QoS

constraints are of interest. Extending the problem of resource partitioning

across real-time video users in (2.6)-(2.8) to frequency selective channels with

OFDMA multiple access results in a combinatorial integer programming prob-

lem. Thus, it is unlikely that exact solutions can be found for any general chan-

nel distribution and user population in a manner equivalent to that derived

in Chapter 2. Useful insights, however, can be obtained from the continuous

flat fading solution in Chapter 2. The concept of source spectral efficiency can

measured at the resource block level to associate each resource block with a

video quality utility corresponding to its assignment to a specific user. Then,

approximation algorithms for sum quality maximization can be developed to

allocate the collection of resources across users based on the per-RB source

spectral efficiency and the frequency selective channel states.
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5.2.2 Interference Management for Real-time Video Users

A fundamental insight obtained from the analysis in Chapter 2 is that

real-time video users with varying QoS requirements can achieve the same

video quality while operating at signal to interference and noise ratios (SINR)

orders-of-magnitude apart. These insights can be clearly observed in the re-

sults in Section 2.7. Recalling from those results, typical video conferencing

users require orders of magnitude higher SNR in comparison to less stringent

live streaming applications to achieve the same video quality. The reasoning is

that users with relaxed delay requirements can tolerate more queuing and thus

operate at a lower service rate, i.e., with worse channel conditions. While in

Chapter 2, we were interested in resource partitioning in a broadcast channel

setting corresponding to a cellular downlink system, we can use the insights

obtained to motivate similar applications to interference channels in an ad-hoc

network setup.

Consider an interference channel corresponding to multiple transmit-

receive user pairs where each pair is associated with a QoS requirement based

on the video application use case. A unique and interesting approach to in-

terference management, in this case, is to design transmission policies that

maximize a proxy for the video quality in the system while maintaining the

QoS requirement for each transmit-receive link. This can be achieved, for ex-

ample, by adapting power control at each transmitter based on the interference

channel conditions as well as the QoS requirements to ensure that all transmit-

receive pairs can meet their QoS requirement. Since less stringent QoS users
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can tolerate low SINR, the more stringent QoS users can transmit at higher

power to boost their service rate without jeopardizing the other users. Taking

into account the individual users’ QoS requirements in this manner enables

adapting the transmission policies in an ad-hoc network taking into account

link-level QoS metrics.

5.2.3 Non-reference Video Quality-based Perceptual Optimization

Video quality metrics that have no access to a reference signal (e.g.

[97, 98]) are becoming popular and have been shown to achieve high correlation

with subjective quality assessment. The success of these metrics comes due to

insights from natural scene statistics and the disruption of those statistics by

distortions. Natural scene statistics (NSS) rely on the hypothesis that images

of the natural world (i.e., distortion-free images) occupy a small subspace of

the space of all possible images and non reference (NR) quality metrics seek to

find a distance between the test image and the subspace of natural images. The

value of the non reference (NR) metrics is that they enable flexible perceptual

quality optimization in any part of the network.

In the context of client-driven adaptive streaming, the client can mea-

sure and track the video quality without access to the reference and use that

to optimize the rate adaptation over time to improve video quality. While the

majority of the work presented in this dissertation focuses on server-driven

adaptation using access to the video reference, similar perceptual quality op-

timizations can be proposed in a client-driven framework if NR quality assess-
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ment is available in the network. In reference to Chapter 2, the architecture

can be extended by computing and tracking the rate-quality mapping at the

client using NR quality metrics. A quantized version of the quality metric

can be fed back to the base station rather than being fed forward from the

server. This has two distinct advantages: (1) the client-measured video quality

includes the effect of channel distortions in addition to source distortions as

opposed to server-measured video quality which only captures source distor-

tions, and (2) offloading the quality assessment to the client reduces the server

load and avoids maintaining a full session state for each client at the server.

In reference to Chapter 4, having the capability to measure the video quality

at the receiver enables the quality-loss mapping function to be performed at

the client. It avoids feeding back the index of lost packets to the server to re-

construct the distorted video and compute the reference-based video quality.

Instead, Algorithm 5 can be run at the client using the acknowledgment history

along with the measured NR video quality. This enables significant savings

in side information exchange and cross-layer overhead as well as reduces the

video server load.

5.2.4 Random Spatial Models for Differentiated QoS Users

Random spatial models have become popular and shown to be accurate

for modeling the random distribution of users and base stations in a cellular

network [99]. Furthermore, multiple tier cellular networks with macrocells,

picocells, femtocells, and distributed antennas can be modeled and analyzed
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using random spatial models to obtain insight into key performance metrics

such as coverage probability [100].

While successful in analyzing physical layer performance metrics, these

models have not been used to obtain insights into QoS management from a

link-layer design viewpoint. A promising research direction is combining the

effective capacity link layer model that enables link-level performance evalua-

tion using metrics such as delay bound and delay bound violation probability

with random spatial models that enable network-level performance evaluation.

The resulting model can provide interesting insights into QoS provisioning in

cellular networks in the presence of practical impairments such as other-cell

interference and blockage.

Considering a network of users with differentiated QoS requirements -

for example, in terms of delay bounds -, one approach is to model the users

at different “QoS tiers” separately using random spatial models. This enables

analyzing important link-level performance metrics such as the fraction of

users per tier that can meet their QoS requirement given their density and

provides potentially valuable insights into designing resource allocation and

user admission for real-time video users.
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