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Video Communications over Dynamic Ad Hoc Networks
Sastry V.S. Kompella

ABSTRACT

Video communications play a vital role in present and future wireless ad hoc networks.
One of the key requirements for a successful deployment of multimedia applications in mul-
tihop wireless networks is the ability to provide an acceptable video quality, even under
a highly dynamic and perhaps unfriendly (or hostile) environment (e.g., in the presence
of frequent node/link failure, interference, shadowing, fading, and so forth). Existing ad
hoc routing protocols work well for data communications, but are not optimized for video,
which is sensitive to latency and packet loss. Moreover, traditional end system based error
control mechanisms alone cannot guarantee a sustainable video quality. Conventional QoS
approaches typically optimize one or more network layer metrics, but they are usually ag-
nostic to any kind of application layer performance. Consequently, new methodologies must

be explored to improve the performance of video applications in multihop wireless networks.

This dissertation directly addresses this important problem area by leveraging recent
advances in video coding techniques along with novel cross-layer formulations and powerful
optimization techniques. We follow an application centric cross-layer approach to address
multimedia service provisioning over ad hoc networks. Our research efforts show that video
communications over multihop wireless networks can substantially benefit from a cross-
layer design principle by factoring in application layer video quality into routing algorithmic
designs at the network layer. There are three components in this investigation, namely,
(1) concurrent routing, (2) path selection and rate allocation, and (3) multipath routing
for multiple description video. Each component addresses one or more unique challenges
that hinder video communications in multihop wireless networks. Although we expect that
a cross-layer approach will be more effective than a network centric (single-layer) approach
in addressing application performance, it also brings in complex problems that cannot be

effectively solved using traditional methods, and thus, calls for the design of customized



algorithms.

In concurrent routing, we focus on issues that arise while supporting multiple concurrent
video communication sessions in an ad hoc network. These sessions compete for limited
network resources (such as bandwidth) while interacting with each other. Such inter-session
interactions couple the performance of an individual flow with that of other flows. Applying a
video centric cross-layer design principle, we model the end-to-end video distortion as a func-
tion of network layer behavior, and formulate a network-wide optimal routing problem that
minimizes the total video distortion. Results based on computational experiments performed
using randomly generated network topologies establish the relative efficacy and robustness of
the proposed genetic algorithm based solution approach. Specifically, we demonstrate that
our approach outperforms other trajectory based metaheuristic approaches as well as with
conventional network centric routing algorithms such as shortest path and disjoint shortest

path routing.

The joint path selection and rate allocation problem considers not only selecting the best
set of paths for video communication, but also, computing the optimal video encoding rate
and partitioning it among the chosen set of paths. The end-to-end video distortion is modeled
as a function of network layer resources by capturing the tight coupling that exists between
the optimal encoding rate for each video session, the selection of paths for video transmis-
sion, and the allocation of traffic among these selected paths. This problem is formulated as
a nonlinear nonconvex programming problem, for which a tight linear programming relax-
ation is constructed via the Reformulation-Linearization Technique (RLT). This construct
is embedded within a specialized branch-and-bound algorithm to achieve global optimality.
Computational experience is reported for various problem instances, and the results validate
the robustness of the proposed algorithmic procedure. The results exhibit the advantage of

the solution approach over the popularly used max-min rate allocation scheme.

The emergence of Multiple Description (MD) coding technique offers great potential for

multipath routing of video in multihop wireless networks. In studying multipath routing for

il



MD coding, we show that MD coded video, when used in combination with multipath rout-
ing in wireless networks, has tremendous advantages over traditional layered video coding
techniques. We discuss how to implement an MD video codec and formulate a cross-layer
optimization problem that can find a set of optimal paths, (one for each description) such
that the overall video quality at the receiver is maximized. We further devise a specialized
RLT-based branch-and-bound solution procedure for the ensuing 0-1 mixed integer non-
convex optimization problem. Convergence behavior of the proposed solution procedure is
observed for various network topologies and the results further demonstrate the performance

advantage of the proposed cross-layer approach over non-cross-layer approaches.

The scope of this research is highly interdisciplinary. It intersects video communication,
networking, optimization, and algorithm design. We expect that the theoretical and algo-
rithmic results of this investigation will serve as important building blocks in developing
a comprehensive methodology for addressing complex cross-layer problems in the area of

wireless ad hoc networks.
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Chapter 1

Introduction

1.1 Motivation

As progress in the area of wireless ad hoc networks continues, there is increasing expecta-
tion that such networks will support content-rich multimedia communications (e.g., video)
in addition to simple data communications. The demands for multimedia applications are
indeed compelling. Real-time multimedia information, for example, with live video scenes
about field situations, is far more accurate and substantive than that available from data
communication. However, at present, there are significant technical barriers that prevent the
widespread deployment of multimedia applications over multihop wireless networks, partic-
ularly under eztreme environments, which are characterized by frequent node/link failures,

jamming, and dynamic channel conditions.

A wireless link is usually characterized by a high transmission error rate because of
physical layer constraints such as shadowing, fading, path loss, and interference from other
transmitting nodes. Also, wireless nodes are limited by their maximum transmission power,
which reduces their ability to communicate directly with nodes that are beyond their maxi-

mum transmission range. Increasing the transmission power will increase transmission range.



Figure 1.1: A schematic illustrating battlefield wireless ad hoc network.

But it will also create more interference to other nodes. As a result, it is more practical to
have intermediate nodes cooperate with each other and route messages to their final desti-
nations (so called multihop wireless networking). Though the idea of having nodes in the
network participate in packet forwarding via multihop seems simple, a dynamic topology and
potentially large search space makes it a non-trivial problem (in terms of finding and main-
taining a good path in multihop wireless networks). This problem is further complicated in
networks that are deployed in highly dynamic (unpredictable) or even hostile environments.

Figure 1.1 shows an example of such a network in a battlefield setting.

On the other hand, video communications are usually characterized by stringent require-
ments with respect to packet loss, delay, and application-level performance requirements
(e.g., user-perceived video quality). Although many video applications can tolerate certain
degree of transmission loss, a burst of lost packets may cause loss of synchronization and

error propagation that are beyond error control and error resilient mechanisms, resulting



in a severely degraded video quality. For real-time video, traditional error control mecha-
nisms such as retransmission of lost packets may not be effective due to delay constraints.
Consequently, there is a critical need to develop new methodologies to support video com-

munications over multihop wireless networks.

Much of the early research in the area of multihop wireless networks has focused on devel-
oping routing protocols for network connectivity and data communications e.g., Ad hoc On-
demand Distance Vector (AODV) routing [84], Optimized Link State Routing (OLSR) [23],
Topology Dissemination Based on Reverse-Path Forwarding (TBRPF) [79], Dynamic Source
Routing (DSR) protocol [52]. The success of these protocols resulted in the publication of
several Internet Engineering Task Force (IETF) Request For Comments (RFCs) on wireless
ad hoc routing. In addition, DSR, Dynamic MANET On-demand (DYMO) Routing, and
Simplified Multicast Forwarding for MANET are currently published as Internet-drafts, and
are being considered for standardization by the IETF MANET working group. There have
also been active research efforts in addressing QoS issues at various layers (MAC, network,
transport) [18,64,83,101,104]. For example, a conventional approach to providing QoS for
multimedia applications is to devise routing protocols that optimize network layer metrics
such as number of hops, link failure probabilities, and link bandwidths. Indeed, many such
efficient protocols have been proposed before (e.g., [9,18,62,83]) for routing in ad hoc net-
works. These efforts mainly focus on the optimization of one or more network layer metrics,
such as throughput, delay, loss, or path correlation etc., and are typically agnostic to appli-
cation layer performance. As a result, they do not suffice for networks that are required to
support video, which is judged by the perceived quality at the receiver. Moreover, few of
them address performance issues at the application layer directly (e.g., video distortion and

user-perceived video quality).

In this dissertation, we present our efforts in developing enabling technologies to support
video communications over dynamic ad hoc networks. Our focus is on dynamic ad hoc
networks that are operating under extreme environments, where traditional techniques are

unable to effectively support video communications. We offer solutions for some important



problems that are expected to arise in practice. The ideas and methodologies proposed in
this dissertation would serve as a major milestone in addressing video communications in

multihop wireless networks.

1.2 Cross-layer Design for Video Applications

Traditional layering approach inherent to most network designs does not provide a mecha-
nism for network layer to adapt to specific application requirements. Meeting the end-to-end
performance requirements of demanding applications such as low-latency video streaming is
extremely challenging without interaction across multiple layers. Cross-layer design provides
information sharing across different layers, and allows for efficient utilization of network re-
sources, while optimizing the performance of various applications. This is especially true
in the case of dynamic ad hoc networks, which, among others, are not only limited by the
available bandwidth, available energy and transmission power, but are also vulnerable to fre-
quent node/link failure, jamming and other hostile actions. In this section, we review specific
applications of the cross-layer design principle that are relevant to our research effort, and
lay the foundation for developing effective routing methodologies for video communications

over such networks.

In [20,21], Chou and Miao proposed a rate-distortion optimized streaming framework that
considered scheduling packetized media over a packet erasure channel in order to minimize
an additive combination of distortion and average rate. They developed an optimization
framework that was later applied to a variety of packet network models. Also, they developed
a heuristic algorithm for finding the scheduling policy, which is sub-optimal. It is important
to note that while an application layer parameter (video distortion) is optimized in this
framework by computing the optimal policy for packet scheduling and transmission, this

framework does not address issues associated with video packet routing and forwarding.

The idea of streaming layered video (live and stored) over a lossy packet network in order



to maximize the video quality at the receiver was proposed by de Cuetos and Ross in [26].
They used a framework called joint scheduling and error concealment (Joint S+EC), in which
packet scheduling decisions at the sender explicitly account for the error concealment mech-
anism at the receiver. They formulated the problem of finding the optimal scheduling policy
as a linear programming problem, which computes the optimal packet scheduling policy that
minimized average distortion subject to rate constraints. The authors demonstrated their
framework and solution based on Markov Decision Processes (MDP) using MPEG-4 FGS
video traces. While this work combines both packet scheduling as well as error concealment,

it still remains an edge-based approach which does not address the network layer explicitly.

Chakareski and Girod [15] proposed the idea of rate-distortion optimized packet schedul-
ing for streaming video over single and multiple paths. The authors investigated a sender-
driven transmission scenario where diversity is achieved by using multiple transmission paths
over the network. In their proposed framework, the sender could decide at every instant
which packets, if any, to transmit and over which transmission paths in order to meet a
rate constraint while minimizing the end-to-end distortion. However, such paths over which

video packets could be sent, are assumed to be computed a priori.

In the context of wireless networks, Setton et al. [91] explored a cross-layer framework
for real-time video streaming over a lossy channel. It incorporated adaptation across most
layers of the protocol stack: application, transport protocols, resource allocation at network
layer and link layer techniques. In this framework, each layer is characterized by some key
parameters, which are passed to the adjacent layers to help determine the operation modes
that best suit the current channel, network, and application conditions. Adaptive techniques
are used at the link layer to maximize the link rates under varying channel conditions while
the MAC layer operates jointly with the network layer to determine the set of network flows
that minimize congestion. The application layer determines the most efficient encoding rate
that maximizes video quality. However, it has been aptly pointed out by Kawadia and
Kumar [53] that in a wireless setting, adaptation at one layer may adversely effect other

layers. If not coordinated wisely, such single-layer adaptations may degrade the overall



system performance.

A common theme in these prior works is that the video packets are assumed to be
transported across a single lossy channel. But the issues related to optimal routing of these
video sessions in a multihop fashion are not specifically addressed. In this dissertation, we
illustrate how to optimize the performance of video applications through a cross-layer design
principle by factoring in video quality (at the application layer) into routing algorithms at

the network layer.

1.3 Problem Scope and Research Contributions

In this dissertation, we focus on addressing important challenges and overcoming technical
barriers that hinder the future deployment of video applications over dynamic ad hoc net-
works. Our research addresses problems that lie at the core of the video centric cross-layer
routing. The theoretical and algorithmic aspects of this work include novel cross-layer for-
mulation, development of effective solution approaches to the ensuing complex optimization
problems, exploration of the performance limits and trade-offs, and implementation con-
siderations for practical deployment. Specifically, we address three important problems :
concurrent routing, path selection and rate allocation, and multipath routing for multiple
description video. Each piece by itself contributes to the common theme, but when they
are combined, they can provide enhanced video delivery over multihop wireless networks.
Table 1.1 provides a taxonomy of video-centric cross-layer problems discussed in Section 1.2

and places the problems addressed in this dissertation in the context of these prior works.

1.3.1 Concurrent Routing

Existing routing policies for transporting video over ad hoc networks, typically only consider

single source-destination pair. On the other hand, it is important to consider the case that



Table 1.1: A taxonomy of video-centric cross-layer problems

Problem Wireline / | Sessions | Paths per | Video | Solution
Description Wireless Session | Codec | Approach
[20,21] Optimal Packet Sched- | Wireline Single Single LC H
uling for video streaming
[15] Optimal Packet Sched- Wireline Single | Multiple | LC H
uling over multiple paths
[26] Joint Scheduling and Wireline Single Single LC Opt.
error concealment
[5] MD video with Wireline Single | Multiple | MD -
Path Diversity
[91] Cross-layer framework Wireless Single Single LC -
for video streaming
[68-70] Concurrent Routing Wireless | Multiple | Single LC H (GA)
[58,60] Path Selection and Wireless | Multiple | Multiple LC Opt.
Rate Allocation (RLT, bb)
[59,61] Multipath Routing Wireless Single | Multiple | MD Opt.
for MD video (RLT, bb)

Note: LC - Layered Coding, MD - Multiple Description Coding, H - Heuristic,

Opt. - Optimal solution, bb - Branch-and-bound.




an ad hoc network must sustain multiple video sessions concurrently. In this case, network
resources are shared by these concurrent sessions, and the routing decisions for all these
sessions in the network are highly dependent. Moreover, video distortion is a highly complex
function of multiple network layer metrics [102], and optimizing network layer metrics does
not necessarily guarantee optimal video quality. Hence, any mechanism that aims to improve
the performance of individual video sessions cannot optimize a global performance objective.
By jointly consider the routing of concurrent sessions (henceforth termed as concurrent
routing), we can optimize the network resource allocation among all the flows and achieve a

global network-level performance optimization objective.

In this work [68-70], we formulate a cross-layer optimization problem by considering the
application layer performance metric i.e., average video distortion as a function of network
layer behavior. This formulation seamlessly unifies video distortion with packet loss due to
node/link failure, and packet delay due to congestion, while jointly considering the routing
for concurrent video sessions in a multihop wireless network. The problem formulation
exhibits a highly complex objective function and constraint set, which renders this problem

substantially more difficult to solve than traditional QoS routing problems.

We develop a competitive solution methodology based on Genetic Algorithms (GA). We
show that the GA-based algorithms are well suited to solve such complex network-wide
optimization problems. Specifically, we show that due to its intrinsic capability to handle a
population of solutions, this GA-based approach can efficiently find a set of paths (one for
each source-destination pair), that minimize the overall video distortion across all sessions.
The proposed GA-based approach is a major step forward in developing a comprehensive

methodology for addressing complex cross-layer optimal routing.

1.3.2 Path Selection and Rate Allocation

Any mesh topology, wireless ad hoc networks being no exception, can often be characterized

by a multitude of paths between a given source and destination. Thus, a mechanism that



takes advantage of these paths is bound to perform better (i.e., in supporting QoS for
real-time traffic) than traditional single path approaches. Among such mechanisms, path
selection is very important for supporting video sessions over multiple paths, because the
quality of the received video is highly dependent on the “quality” of the paths in terms of
loss, delay and delay variations. Coupled with the path selection strategy is computing the
optimal video encoding rate, as well as the allocation of this video rate across the selected
paths, in a way that maximizes the video quality at the receiver. Therefore, an efficient
path selection and rate allocation algorithm that not only makes route decisions but also
proportions traffic over these paths, based on application layer performance metrics such as

distortion, can significantly improve the quality of the reconstructed video.

In the presence of multiple paths between a source-destination pair, this work [58, 60]
provides a guideline on choosing a set of optimal paths and rate vectors that would effec-
tively deliver the best video quality at the receiver. The formulation not only captures the
rate allocation for each video session, but also splits the optimal rate over a set of paths such
that the overall quality of the reconstructed video is optimized. Such a multipath trans-
port approach has many advantages, including bandwidth aggregation, load balancing and

improved error resilience against transmission errors and link failures.

We formulate the problem as a nonlinear optimization problem, for which we derive
a tight linear programming relaxation by employing a novel relaxation technique called
Reformulation-Linearization Technique (RLT). This relaxation is embedded within a spe-
cialized branch-and-bound procedure, and the proposed method is known to converge to
a global optimum. The specific partitioning strategy that is employed in the context of
this branch-and-bound framework, while preserving the convergence property, is presented.
Computational results are reported and comparisons with max-min rate allocation scheme
are presented. Results indicate that our proposed algorithm yields significantly improved

solutions when compared to these other methods.
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1.3.3 Multipath Routing for Multiple Description Video

For ad hoc networks operating under extreme conditions, wireless links within such a network
are highly fragile, and it is highly likely that any particular path within the network will
not remain reliable over an extended period of time. In this environment, traditional layered
video coding or single stream coding might not perform well because either scheme requires

at least one relatively reliable path from the sender to the receiver.

Recently, a new video coding technique called multiple description (MD) coding has been
developed, which is capable of encoding a video source into multiple independent streams
(or descriptions) such that any subset of these streams at the receiver can be used to re-
construct the original video. The quality of the reconstructed video is commensurate to the
information received from the number of video descriptions. This new video coding tech-
nique is drastically different from layered scalable video coding, within which the successful
reconstruction of the video is highly dependent upon the most significant layer i.e., the base

layer.

Multipath transport i.e., using multiple paths for a multimedia session, can take advan-
tage of video coding schemes such as MD coded video that distribute the video information
among multiple paths, possibly with some correlation between the information on the var-
ious paths, so as to protect against failure of some subset of the paths. In the worst case,
information received from any path should be sufficient to reconstruct video with acceptable
quality. Multiple description video is such a video coding technique that when used in com-
bination with multipath routing has a great potential for multimedia applications in wireless

ad hoc networks.

In this work [59,61] we show that MD video coding when used in combination with
multipath transport, can mitigate the problems associated with the use of single stream
approaches discussed above. Further, we characterize and model a video application centric
routing problem by taking a cross-layer approach that combines application layer perfor-

mance and network layer multipath routing. The formulation provides a framework for
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performing multipath routing such that application layer video quality is optimized. We
also provide a theoretical underpinning to achieve optimal performance for MD video over
multipath. We show how to achieve the theoretical optimality, by deriving tight linear
programming relaxations that serve to lay the foundation for designing a specialized branch-
and-bound algorithm. RLT is employed to derive the linear programming relaxation to the

underlying 0-1 mixed integer nonconvex programming problem.

1.4 Outline

This chapter presents the general background for the video communications in multihop
wireless networks and provides a preview of the main contributions in this dissertation. The
rest of the dissertation is organized as follows. Chapter 2 provides a brief review of rele-
vant mathematical background used in this dissertation for solving nonconvex optimization
problems. In Chapter 3, we study the problem of routing for multiple concurrent video ses-
sions in wireless ad hoc networks. We describe a solution procedure for this problem based
on GA, and validate it based on extensive simulations. Chapter 4 addresses the problem of
path selection and rate allocation for concurrent video sessions sustained in ad hoc networks.
We design a specialized variant of the RLT-based branch-and-bound framework to solve this
problem. Chapter 5 considers the problem of multipath routing for multiple description video
over wireless ad hoc networks. Linear programming relaxations are derived using RLT, and
the resulting construct is embedded in a specialized branch-and-bound algorithm, in order
to solve this problem. In Chapter 6, we discuss practical considerations and wireless node
architecture for a distributed implementation of the proposed routing algorithms. Finally,

Chapter 7 provides the summary and future research direction.



Chapter 2

Mathematical Background

2.1 Global Optimization

Ever since complexity theory [35] was developed in the 1970s, it was understood that non-
convex global optimization problems were NP-hard in general. So, it would be an arduous
task to develop efficient solution procedures to determine the global optimum for such prob-
lems. Much of the early research was aimed at developing problem-specific as well as general
heuristic methodologies that would generate good quality feasible solutions, while minimiz-
ing the possibility of being trapped at a local optimum. Metaheuristic approaches such as
Genetic Algorithms (GAs) fall into this category. However, recent advances in computing
technology have spurred research into developing algorithms for solving difficult nonconvex

programming problems to optimality.

In this chapter we discuss two types of global optimization techniques. We begin this
chapter with a brief review of genetic algorithms. Following this, we review an efficient

branch-and-bound based global optimization algorithm in Section 2.3.

12
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2.2 Genetic Algorithms

Global optimization problems in general, and specifically the problems that are explored
in this dissertation, are very complex in nature and quite hard to solve by conventional
optimization techniques. Genetic algorithms were introduced in the mid 1970s and have since
received considerable attention in solving networking problems. Genetic algorithms not only
have the potential of being an efficient optimization technique, but also have the ability to
provide a population of feasible solutions that the user can choose from. Genetic algorithms,
proposed by John Holland in 1975 [46], are probabilistic optimization algorithms based on the
natural genetic processes of living organisms. These algorithms are inspired by the survival-
of-the-fittest principle [42,46] and simulate natural evolution through generations. They can
often outperform conventional optimization methods when applied to difficult real world
design optimization problems. Their intrinsic strength in dealing with a set of solutions (i.e.,
a population) at each generation, rather than working with a single current solution, makes
genetic algorithms more desirable than other trajectory based metaheuristics. In general,
population-based metaheuristics (for which GA is an example) can provide a natural means
of exploration of the search space in multiple dimensions. At each iteration, genetic operators
such as selection, crossover, and mutation are probabilistically applied to the individuals of
the current population in order to generate individuals for the next generation. In general,
individuals having a higher degree of fitness will have a higher probability to be chosen as

members of the population for the next iteration.

Using the terminology of genetic algorithms, solutions or phenotypes are encoded by us-
ing individuals or genotypes. The fundamental idea is that genetic algorithms operate on a
finite population of “chromosomes” (solutions), which are either fixed or variable size strings,
with binary or integer values (“genes”) at each position (or “locus”). Each chromosome of
the population is evaluated according to some fitness function. Members of the population
are selectively interbred in pairs to produce offspring. Genetic operators are used to facili-

tate a breeding process that results in the offspring inheriting properties from their parents.
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Therefore, each iteration facilitates both self-adaptation and co-operation. Self-adaptation
refers to the individuals evolving independently, as enabled by the mutation operator. On
the other hand, co-operation implies the sharing of the best traits among the individuals, in
the form of the crossover operator. The offspring are evaluated (using a fitness function) and
placed in the population, possibly replacing the weaker members of the previous generation.
The search mechanism, therefore, consists of three phases: evaluation of the fitness of each
chromosome in the population, selection of the parent chromosomes, and applications of mu-
tation and crossover operators to the parent chromosomes. The new chromosomes resulting
from these operations form the population for the next generation; the process is repeated
until the system reaches an equilibrium (i.e., ceases to improve). The survival-of-the-fittest
principle ensures that the overall quality of solutions improves as the algorithm progresses

from one generation to the next.

The potential of GA in addressing networking problems has been recognized in recent
years. GA can be highly effective when used for delay-sensitive real-time applications, be-
cause of its intrinsic ability to provide a trade-off between finding solutions that are closer to
the optimal, and computational complexity. One such scenario is making routing decisions
for video streaming applications. In such applications, GA can compute a set of “good”
routes very quickly, which can be used by the application right away, while GA continues to
evolve and and compute better solutions. Eventually, the routes used by the said application

can be updated with the best set of routes for optimal performance.

Figure 2.1 provides a visual representation of each of the basic building blocks of genetic
algorithms, and Figure 2.2 depicts the flow-chart for GA-based solution approach. Note that
both crossover and mutation are performed with certain probabilities (6 and pu, respectively)
on the individual solutions. The termination condition in Figure 2.2 could be based on the
total number of iterations (generations), the maximum computing time, or a threshold of
desired video distortion. We conclude this section by examining each of the genetic operators
in further detail. Interested readers may refer to the books authored by Goldberg [42],

Gen and Cheng [36] and Back et al. [7] for a general discussion on genetic algorithms and
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Figure 2.1: A schematic representation of genetic algorithms.

combinatorial optimization.

2.2.1 Selection

During this operation, we select high-quality individuals that have a better chance or po-
tential to produce “good” offspring in terms of their fitness values. The selection operator
is intended to improve the average quality of the population. By virtue of the selection
operation, “good” genes among the population are more likely to be passed to the future
generations. The selection operator thereby focuses on the exploration of promising regions
in the solution space. Any selection scheme is characterized by a parameter called selection
pressure. It is defined as the ratio of the probability of selection of the best chromosome
in the population to that of an average chromosome. This means that having a high selec-
tion pressure enables the population to reach equilibrium very quickly, but in doing so, it

inevitably sacrifices genetic diversity (i.e., results in convergence to a suboptimal solution).
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Figure 2.2: Flow-chart for the GA-based solution procedure.

Several selection schemes can be employed during the selection operation. For example,
one possible scheme (known as Roulette wheel selection [7]) is to select an individual based
on a probability in proportion to its normalized fitness value, i.e., Pr{choosing individual
it = f(x:)/ >, f(z;), where f(z;) is the fitness of individual z;. Another possible scheme
(known as Tournament selection [7]) randomly chooses m individuals from the population
each time, and then selects the best of these m individuals in terms of their fitness values.
A third way is to use a Ranking selection method in which the population is sorted based
on ranks given to each individuals, and the probability of selecting an individual is based
on the given rank but not its fitness. Two ranking methods used are linear and exponential
ranking. By repeating one of these selection procedures multiple times, a new population

can be selected.

2.2.2 Crossover

Crossover is one of the most important genetic operators. It operates on two chromosomes at
a time and generates offspring by combining some features of both chromosomes, as shown
in Figure 2.3. The crossover between two dominant parents chosen by the selection operator
provides higher probability of producing offspring having dominant traits. In its simplest

form, the single point crossover chooses a random cutoff point in each of the two strings
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(representing the parents) to form two substrings one to the left of the point, and one to the
right. Next the left part of the string of one parent is spliced with the right part of the string
of the other parent and vice versa, in order to generate two offspring. We can easily imagine
that instead of one point crossover, we may have two, three or more point crossover. Two or
more point crossover is implemented by choosing two or more random points in the selected
pair of strings and exchanging the sub-strings defined by the chosen points. Some studies
concluded that multipoint crossover decreases the effectiveness of the genetic algorithm and
this decrease is greater if more points are considered [27]. However in some cases it may

provide better results [108].

In the context of routing problems, crossover plays the role of physically exchanging
each partial route of two chosen chromosomes in such a manner that the offspring produced
by the crossover represents only one route. One partial route connects the source node to
an intermediate node, and the other partial route connects the intermediate node to the

destination node.
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2.2.3 Mutation

Mutation is an operator that produces spontaneous random changes in various chromosomes
and thus it introduces some extra variability into the population in order to avoid local
optima, as shown in Figure 2.4. In doing so, mutation may induce a subtle bias in the
population. In the context of routing problems, mutation generates an alternative partial-
route from the mutated node to the destination node. A topological information database

might have to be utilized by the mutation function for this purpose.

In Chapter 3, we describes a GA-based solution procedure for solving a nonconvex opti-

mization problem for video communications over ad hoc networks.

2.3 RLT-based Global Optimization for Solving Non-

convex Programming Problems

In the previous section, we discussed how a popular metaheuristic like genetic algorithms

can be used as a viable global optimization technique. However, as pointed out earlier, while
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GA can produce good quality set of feasible solutions quickly, the optimal solution remains
unknown. Motivated by this fact, along with a rapid growth in computation power in recent
years, a significant amount of research has been dedicated to developing exact algorithms
that can solve nonconvex programming problems to optimality. In this section we present a
global optimization algorithm based on a novel relaxation technique called Reformulation-
Linearization Technique (RLT) of Sherali and Tuncbilek [97], which can efficiently solve
this class of nonconvex polynomial problems to global optimality. The key to obtaining
global optimal solution is to embed the RLT construct in a branch-and-bound framework as
described below. In the rest of this chapter, we discuss the concepts of branch-and-bound

and RLT, which form the foundations of the optimization algorithm.

2.3.1 The Reformulation-Linearization Technique

A polynomial programming problem seeks to minimize a polynomial objective function sub-
ject to a set of polynomial constraint functions, where all the functions are defined in terms
of some bounded, continuous decision variables. A polynomial programming problem can

be mathematically stated as follows.

PP(): Minimize {¢g(z):2z€ ZNN}
where: Z={x:¢(x) > 0B, r=1,..,Ry,¢.(x) = Br,r =R+ 1,..., R}
QI{SEIOSZ]‘SL‘C]'SUJ'<OO,].:1,...,7’L}
and where: ¢,.(z) = Za” LH xj] ,r=0,1,.., R. (2.1)
tETr Eth
Here T, is an index set for the terms defining ¢, (), and «,; are the real coefficients
for the polynomial terms (Hjejﬁ z;), t € T,, » = 0,1...., R. Note that a repetition of

indices is permitted within each multi-set J,;. For example, if J, = {1,2,3,3}, then the
corresponding polynomial term is x12,22. Denote N = {1,...,n} , and define N = {N, ..., N}
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to be composed of § replicates of N, where ¢ is maximum degree of any polynomial term

appearing in PP(2). Then each J,; C N, with 1 < |J,4| <6, fort€T,, r=0,1,..., R.

Determining a global optimum to a polynomial program, as defined in (2.1), is a computa-
tionally difficult task (theoretically, this is NP-Hard), and thus requires the use of specialized
algorithms. Several solution approaches having been developed for such polynomial program-
ming problems with varying degrees of success. Chang and Chang [17] proposed a concise
method to solve the 0-1 mixed-integer polynomial programming problem using additional
0-1 variables and auxiliary constraints. Sherali and Adams [93,95] developed a hierarchy of
representations and related relaxations for 0-1 pure and mixed-integer polynomial programs,
leading to their convex hull representation. Of particular interest is the global optimization
algorithm developed by Sherali and Tuncbilek [94,97] based on Reformulation-Linearization
Technique (RLT), which is capable of solving general polynomial programs to optimality, as

explained below.

RLT is a relaxation technique that can be used to produce tight polyhedral outer approx-
imations or linear programming relaxations for an underlying nonlinear, nonconvex polyno-
mial programming problem. In essence, RLT can provide a tight lower bound on a mini-
mization problem [94,97]. In the RLT procedure, nonlinear implied constraints are generated
by taking the products of bounding terms of the decision variables, up to a suitable order
and also, possibly products of other defining constraints of the problem. The resulting
problem is subsequently linearized by variable substitutions, one for each nonlinear term
appearing in the problem, including both the objective function and the constraints. The
mechanics of RLT automatically creates outer linearizations that approximate the closure
of the convex hull of the feasible region €). For solving a general polynomial program the
RLT-based approach operates as follows. Given a solution space €2, in order to construct
the bounded linear programming problem LP(Q2) using RLT, implied bound-factor product
constraints are generated by using distinct products of the bounding factors (z; — ;) > 0
and (u; —x;) >0, j € N, taken ¢ at a time. These product constraints can be expressed as

follows.
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Fs(h,Jo) = [ (e = 1) [ (wy —25) >0, (2.2)

JEJ1 JEJ2

where J; UJ, € N, and |J; U Jy| = 6.

The RLT process proceeds as follows. In the reformulation phase, constraints (2.2) are

included in the problem PP(2). In the linearization phase, the substitution,

X;=]]@), v JCN (2.3)
jeJ
is applied to linearize the resulting problem, where the indices in J are assumed to be

sequenced in non-decreasing order, and where Xy =x;, Vj € N, and Xy = 1.

To solve PP(£2) to global optimality, LP(£2) is embedded in a branch-and-bound algorithm
to compute lower bounds on the underlying polynomial program. This procedure proposed
by Sherali and Tuncbilek [97,98] essentially involves the partitioning of the original set €2 into
sub-hyperrectangles, each of which is associated with a node of the branch-and-bound tree.
A partitioning rule, geared towards identifying the variable that contributes the most to the
discrepancy between a new RLT variable that contains it and the associated corresponding
nonlinear product that this RLT variable represents, is followed. The motivation is to drive
all such discrepancies or relazation errors to zero by creating partitions that would induce

the variables to achieve their bounds, leading to a global optimal solution.

2.3.2 Branch-and-Bound

Branch-and-bound [76] is an iterative relaxation algorithm that seeks to produce an optimal
solution to a nonlinear programming (NLP) problem by partitioning the original solution
space into sub-hyperrectangles [94]. In branch-and-bound, the original problem PP(Q), is
first relaxed using a suitable relazation technique (such as RLT) to obtain an easier-to-solve,

lower-bounding problem LP(€2). The optimal solution to this LP relaxation, LP(2), provides
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a lower bound LB for the original problem. Since LP(£2) usually yields an infeasible solution
to PP(Q), a local search algorithm should be employed to find a feasible solution, using the
infeasible lower bounding solution as a starting point. The resulting feasible solution then

provides an upper bound U B for the original problem PP (2)( see Figure 2.5 for an example).

The branch-and-bound procedure is based on the idea of divide-and-conquer. That is,
the original problem PP(f2) is partitioned into sub-problems, each having a smaller feasible
solution space, based on the solution provided by LP(€2). New sub-problems are organized as
a branch-and-bound tree, while this partitioning or branching process is carried out recursively
to obtain two new sub-problems at each node of the tree. The sub-problems are also inserted
into a problem list L, which records the active nodes in the branch-and-bound tree structure.
More specifically, in the beginning, the problem list L is initialized with the original problem
PP(Q2) (or P, in Figure 2.5(a)). At any given iteration, the lower and upper bounds for
PP(Q) are computed as

LB = min{LBy : Problem k € L}
UB = min{U B, : all explored nodes k thus far}.

(2.4)

The method proceeds by choosing the next problem to partition from the problem list.
In our approach, the problem k € L having the smallest LBy is chosen. This problem k&
is then partitioned into two sub-problems k; and k,, which replace problem £ in L. Every
time a problem k£ is added to the list, LB) and U By are computed, and the LB and UB
for the original problem PP(Q)) are updated. For example, in Figure 2.5(b), the original
problem (denote as problem P;) is divided into two new problems (denote as problem P,
and problem P3). Since the relaxations in problems P, and Pj are both tighter than that
in problem P;, we have UBy,UB3s < UB;y and LBy, LBs > LB;. The upper bound of the
original problem is updated from UB = UB; to UB = min{U By, U B3} and the lower bound
of the original problem is updated from LB = LB; to LB = min{LBy, LB3}. As a result,
we now have smaller gap between UB and LB. At any given iteration, if LB > (1 —¢€)-UB,

the procedure terminates and we have an e-optimal solution, where ¢ > 0 is some selected
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Figure 2.5: Hlustration of branch-and-bound.
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optimality tolerance (e = 0 if an exact optimum is desired). Otherwise, we choose a problem
with the minimum lower bound (Problem Pj in Figure 2.5(b)) and partition this problem
into two new sub-problems (P, and Ps in Figure 2.5(c)). Also, for any problem k in the
problem list, if LBy > (1 — €) - UB, no globally optimal solution that improves beyond
the e-tolerance can exist in the subspace of the feasible region represented by this node.
Therefore, this node can be removed (or fathomed) from the branch-and-bound tree. In
this manner, the branch-and-bound process can fathom certain branches or nodes of the
tree, eliminating them from further exploration. The effectiveness of the branch-and-bound

procedure depends strongly on that of the employed fathom strategy.

While the solution framework discussed thus far is well suited for solving polynomial
programming problems, it is worth mentioning that the specific problems explored in this
dissertation fall into the category of 0-1 mixed integer nonconvex, non-polynomial program-
ming problems. In order to use RLT in this situation, we will need to insert an intermediate
level of approximation that relaxes the original problem into a polynomial programming

problem, thereby facilitating the application of the above mentioned solution procedure.



Chapter 3

Routing for Concurrent Video

Sessions in Ad Hoc Networks

3.1 Introduction

Enabling video service in wireless ad hoc networks [38,41,71] has been an area of intense
research in recent times. An important milestone was a successful video demonstration over
ad hoc network testbeds in [48]. Most of the prior efforts mainly focus on end system-based
techniques, but do not consider optimal routing as a means to improve the quality of the
video sessions. On the other hand, many efficient protocols have also been proposed for
quality of service (QoS) routing in ad hoc networks, e.g., [9,18,62]. These efforts mainly
focus on the optimization of one or more network layer metrics, such as throughput, delay,
loss, or path correlation, and we therefore term them network centric routing throughout this
chapter. Although these protocols are shown to be quite effective for data communications,
they may not be optimal for video communication due to the fact that video distortion is a
highly complex function of multiple network layer metrics [102]. Optimizing network layer
metrics does not necessarily guarantee optimal video quality. Furthermore, an important

consideration that is often ignored is the fact that multiple video sessions can be sustained
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by an ad hoc network concurrently. Multiple video sessions compete among each other for
the limited network resources, and such interactions couple the performance of an individual
flow with that of other flows. Therefore, by jointly considering the routing of concurrent
video sessions, we can optimize the network resource allocation and maximize performance

objective across all flows.

In this chapter, we consider the problem of supporting multiple concurrent video sessions
in ad hoc networks. We formulate the optimization problem from a cross-layer perspective
by considering the application layer performance metric (i.e., average video distortion) as
a function of network layer behavior (routing of each session). This formulation unifies
video distortion with packet loss (due to node/link failures) and delay (due to congestion),
while jointly considering routing for concurrent sessions. The problem formulation exhibits a
highly complex objective function and constraints, which renders this problem substantially

more difficult than traditional QoS routing problems.

We then proceed to develop a highly competitive solution method based on genetic al-
gorithms (GAs) [7,36,42]. GA-based algorithms have an intrinsic capability to handle a
population of solutions, which perfectly suits the nature of our cross-layer concurrent rout-
ing problem. GA-based approaches have the unique strength of identifying promising search
regions and have less of a tendency to be trapped at a local optimum, as compared with
other single-solution based trajectory methods [7]. We find that the complex network-wide
optimization problem provides the perfect setting for a GA-based solution method. The
complexity due to the interaction among concurrent sessions can be handled rather natu-
rally by GAs since they are intrinsically parallel. Multiple session routing and flow interac-
tions increase computational effort only linearly as compared with the single session routing.
We demonstrate the performance of the GA-based approach over other network-centric ap-

proaches through extensive simulations.

The chapter begins with mathematical modeling of various network layer parameters

followed by discussion of the empirical rate-distortion model at the application layer, in
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Section 3.2. Based on the models at various layers, the application-centric optimal routing
problem for multiple concurrent video sessions is formulated. Continuing further, we present
a GA-based solution procedure in Section 3.3 along with a fast greedy heuristic algorithm in
Section 3.4, that is used in the initialization of the GA-based solution procedure. Simulation
results are presented that show the performance of the GA-based algorithm in Section 3.5.

Related work is discussed in Section 3.6 and Section 3.7 summarizes this chapter.

3.2 Problem Formulation

In this section, we formulate the routing problem for multiple concurrent video sessions in
a wireless ad hoc network. We assume that a wireless link exists between nodes ¢ and j if
nodes 7 and j can communicate with (i.e., within the radio transmission range of) each other.
Consequently, the ad hoc network can be modeled as a time-varying, directed graph G(N, L),
where N is the set of vertices, representing mobile nodes, and £ is the set of wireless links

in the network.

In the graph, we characterize each wireless (directed) link {7,j} € L by the following
two parameters: (i) ¢;;: the available bandwidth of link {4, j}; and (ii) p;;: the mean packet
loss probability of link {4,j}, due to transmission errors or link failures. We assume that
lower layer dynamics, e.g., interference and fading, could be translated into the network layer

metrics.

Consider a set of concurrent video sessions, denoted as £. Each session ¢ € £ has a
source node s, and a destination node d,. The rate of a video stream, R,, is bounded by
R, <R, < R,, 0 € £. The lower and upper bounds of R, are determined by the specific
video coder and the video sequence encoded at the source node s,, or the user requirement
on received video quality. The decoding deadline for packets associated with session o is A, .
The optimal routing problem aims to find a set of paths for the video sessions, such that the

total distortion of all the video sessions is minimized.



Table 3.1 summarizes the notation used in the chapter.

Table 3.1: Summary of notation for Chapter 3

Symbol

Definition

G{N, L}
N

L

{i,7}

Cij

Dij

Pij

&

{50, d,}

Po

Graph representation of an ad hoc network.

Set of vertices.

Set of edges.

A wireless link from node 4 to node j.
Available bandwidth of link {4, j}.
Packet loss probability of link {4, j}.

Average aggregate traffic load on link {7, j}.

Utilization of link {i,j}.

Set of video sessions.

Source/destination nodes of session o.
Index variable defined in (3.12).

Path of session o, from s, to d,.
End-to-end loss rate of session o.

Rate of video session o.

The min/max rates of video session o.
Decoding deadline of session o.

Delay on link {3, j}.

Probability density function of ¢;;.
Moment generating function of ¢;;.
End-to-end delay of session o.

Moment generating function of 7.
End-to-end distortion of session o.
Encoding distortion of session o.

Session o distortion due to congestion.
Session ¢ distortion due to packet loss.
Crossover rate in the GA-based approach.
Mutation rate in the GA-based approach.
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3.2.1 Network Layer Performance Metrics
Load on a Link

Let P¥ denote the upstream partial path of P, from the source node s, to the link {i,;},
exclusive. Note that P¥ = () if link {i,j} ¢ P,. Then, the average aggregate traffic load on
any link {i,7} € £ is:

Ni=> R [ (1—pmm). (3.1)

oe€ {(mn}eP
That is, the average traffic load of link {7, j} is the sum of the average rates of the video
sessions that pass through this link, decreased by the losses incurred in their upstream links
before reaching link {7,j}. The average capacity utilization of link {7, j} is pi; = Aij/cij,
{i,7} € L. For stability, a feasible set of routes {P, },es should satisty p;; < 1,{i,j} € L.

Delay on a Link

We model each link {7, j} as a general queuing system with an average input rate \;; (defined
in (3.1)) and a service capacity c¢;;. Let the queueing delay on link {i,j} be ¢;; and its
probability density function be f;;(y). We assume that all the moments of ¢;; are finite,
which is true for most queueing systems. For example, when the video traffic is a constant
bit rate (CBR) that exhibits short-range dependent (SRD) characteristics, we could model

the queueing delay via an exponential distribution, i.e.,
fij(y) = ayj - e, for y >0, (3.2)

where a;; et (cij — Aij) is the link’s residual capacity. On the other hand, for a variable bit
rate (VBR) video that exhibits long-range dependent (LRD) characteristics, we could model
the link as a fractional Brownian motion (fBm) queueing system, where ¢;; has a heavy-tailed

Weibull distribution [78].
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End-to-End Delay

The end-to-end delay of session o, denoted by T, o € £, is the sum of the queueing delay
on each link along path P,, i.e.,

T,= Y ty Voek&. (3.3)

{i,j}€Ps

We apply the large deviation approximation to obtain an accurate estimate of the overdue
probabilities. For the sum of a small number of independent random variables, an estimate
based on the Chernoff Bound [19] is known to be accurate and computationally efficient [30].
In the following, we illustrate such an approximation when link delays are exponentially

distributed.

We first derive the moment generating function of ¢;; as:

M;;(s) = Ele”] =

7f < Q. 3.4
e— or s < (3.4)

Assuming delays on the links are independent, the moment generating function of T is:
M, (s) = H M;;(s), for s < min {ay;}. (3.5)
o {i.j}ePs
{1, }€Ps
Define a function F,(s) as:
Fo(s) = s0,— Y log Myl(s). (3.6)
{i,5}ePs
Since F,"(s) < 0, for s < ming; j1ep, {au;}, Fr(s) is a strictly concave function with a unique
maximum at si. If A, > E(7,) (i.e., the decoding deadline is larger than the average

end-to-end delay on the path, we can determine s} by solving:

1
-5

Fl(s)=A, — = 0. (3.7)
(0771

{i.iYePs Y

Note that since F(ming jyep, {as;}) = —00 < 0 and F,(0) = A, — E(T,,) > 0, we have that
0 < sy < ming jyep, {as;}. From the Chernoff Bound [30], the tail distribution of 7}, can be

approximated as:

expi{—Fo(s5)}

PriT, = A,} = ;
7o 2 Ad) sk 0(s)V/2m

(3.8)
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where §2(s) = %.

Note that the moment generating function of a heavy-tailed Weibull random variable
does not exist (although all of its moments are well-defined). Therefore, the above Chernoff
Bound approach cannot be applied to delays having such distributions. However, the over-
due probability can be computed by taking advantage of the sub-exponential property. For
example, we have that Pr[>;_, X; > 2] & Pr [max{i<p<n) {Xi} > 2] & n-Pr[X; > z] [43],

for an i.i.d. sequence of heavy-tailed Weibull random variables { X7, -, X, }.

End-to-End Loss Rate

Assuming that the packet loss processes on the links are independent, the end-to-end loss
probability of session ¢ can be computed as:

Py =1— H (1—1py;), Voek. (3.9)
{i,j}€Ps

3.2.2 End-to-End Video Rate-Distortion Model

In [102], Stuhlmuller et al. developed an empirical rate-distortion model for a hybrid motion
compensated video encoder. They found that theoretically founded rate-distortion models
often cannot describe experimental results very accurately due to simplistic assumptions.
To avoid these limitations without an increase in model complexity, this particular rate-
distortion model uses a simple equation that relates the distortion at the encoder D™ to
the relevant parameters. In the simulation scenarios that were consider by the authors, they
found two parameters with a significant impact on D", namely the source rate R.,. that
is allocated to the video encoder, and second, the percentage of INTRA coded macroblocks
(INTRA rate) (3 that is enforced by the coding control to improve error robustness. One
drawback of this approach as described in [102], is that the necessary model parameters
cannot be derived from commonly used signal statistics, like variance, correlation, or the

power spectral density. Instead, the parameters need to be estimated by fitting the model to
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a subset of measured data points from the rate-distortion curve. Since this rate-distortion
model uses only six parameters (see below), the necessary subset is relatively small and can

be obtained with reasonable complexity.

Now we discuss the empirical rate-distortion model in detail. For a video sequence en-
coded at a target coding rate R, the average end-to-end distortion D¢ consists of the encod-
ing distortion caused by the lossy video coder, D", and the distortion due to transmission
errors, including the distortion caused by overdue packets (i.e., congestion), D% and the
distortion caused by lost packets (i.e., caused by link failures or transmission errors), D!

That is,
DS = D™ + D + D (3.10)

From [102] and the results derived in Section 3.2.1, we have

W
DS =Dyt —2 k(1 —py)- Pr(Ty > Ay)+ k- po, 3.11
o o+RU_RO+/€( p)vr( )+E-p (3.11)
o Dg_g Dgoss

where Dy, w, Ry, and k are constants for a specific video codec (with fixed encoding param-
eters) and video sequence, which can be determined by training and curve matching. Since
the model in (3.10) takes into account the effects of INTRA coding and spatial loop filtering,

it matches simulation results closely [102].

3.2.3 The Global Optimal Routing Problem

For delineating an end-to-end path P, from s, to d,, o € £, we define the following index
variables:

s 1, if{i,j} €P,, {i,jteLl (3.12)
0, otherwise, {i,j} € L.

We can now mathematically formulate the problem of application-centric optimal routing

for multiple concurrent video sessions.
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OPT-CLR
Minimize: D =) D (3.13)
el
subject to:
R, <R, <R, forcecé& (3.14)
pi; <1—e¢, {i,j} € L, for some stability tolerance e (3.15)
1, ifi=s,
Yooaf— D af=S -1, ifi=d, ,i€ENcEE (3.16)
AL kidbi}el 0, otherwise

<1, ifi#d,
> ooage T .7& LieEN,0€E (3.17)

j{ijreL = 0, if 1 = do-
x5 € 40,1}, {4, j} € L0 € E. (3.18)

In Problem OPT-CLR, the objective function (3.13) is the sum of the average distortion
of all the concurrent video sessions. Minimizing (3.13) achieves a best utilization of network
resources, as well as the best overall quality for the video sessions. When optimizing the
performance of multiple users, efficiency and fairness are usually orthogonal objectives, i.e.,
maximizing one may lead to significant decrease in the other. In this work, we choose
efficiency as our optimization objective in order to better utilize the scarce network resources
in ad hoc networks. It is worth noting that choosing a different objective function, such as
min max{ D¢} or an objective function in the form of a utility function ) _ f(Dy), does not

change the solution procedure, which will be presented in the next section.

There are two sets of optimization variables that form the space of feasible solutions:
(i) the set of routing vectors {X, },ce; and (ii) the set of rates of video sessions { R, }ses.
The set of inequalities in (3.14) gives the range of feasible rates for each video session. In
the case of streaming stored video, we have that R, = R, = R, since the rate is fixed.
Inequality (3.15) is the stability constraint, which ensures that the link delays are bounded.
The remaining constraints (i.e., (3.16), (3.17), and (3.18)) guarantee that each path P, is
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loop-free.!

The objective function (3.13) is a highly complex ratio of high-order polynomials of -
variables. The objective evaluation of a set of feasible paths involves identifying the joint
and disjoint links of the paths (in order to compute the traffic load on each link), which
is only possible when all the paths are completely determined. Wang and Crowcroft [115]
proved that QoS routing problems having multiple additive and/or multiplicative metrics are
NP-complete. Our problem has an additive delay metric and a multiplicative loss metric. In
addition, our problem has much more complex relationships pertaining to the contribution
of any link to the objective function, as well as coupled session delays (rather than constant
link delay metrics as in [115]). As a result, we conjecture that Problem OPT-CLR is NP-
complete. In the rest of this chapter, we present an effective heuristic algorithm to address

this problem.

3.3 A Genetic Algorithm-Based Solution Procedure

As described in Chapter 2, GA is a population-based metaheuristic that is inspired by the
survival-of-the-fittest principle, as derived from its natural evolution context. It has the
intrinsic strength of dealing with a set of solutions (i.e., a population) at each step, rather
than working with a single, current solution. In each iteration, a number of genetic operators
are applied to the individuals of the current population in order to generate individuals for the
next generation. In particular, GA uses genetic operators known as crossover to recombine
two or more individuals to produce new individuals, and mutation to achieve a randomized
self-adaptation of individuals. The driving force in GA is the selection of individuals based
on their fitness (in the form of an objective function). Individuals with a higher degree of

fitness will be more likely to be chosen as members of the population for the next generation.

INote that a feasible solution to these constraints could admit circuits whose edges are disconnected from

the produced loop-free paths. However, the objective function would automatically prohibit this occurrence.
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The basic assumption within this paradigm is that good solutions often share parts with
optimal solutions. The survival-of-the-fittest principle ensures that the overall quality of the

population increases as the algorithm progresses from one generation to the next.

The potential of GA is best explained by comparing GA with alternative approaches,
such as simulated annealing (SA) [1] and tabu search (TS) [40]. Although these methods
have specific strengths in solving complex optimization problems, their performance, when
applied to our problem, is sensitive to the neighborhood structure definition. In addition,
such approaches have a stronger tendency of being trapped at a local optimum and have
slow convergence, which could be attributed to the fact that only a single solution is handled
at each iteration. We will illustrate this point in Section 3.5. The solution procedure is

explained further in [69, 70].

3.3.1 GA-Based Multiple-Session Routing

Chapter 2 briefly reviewed genetic algorithms and a flow-chart for a GA-based approach was
described in Figure 2.2. Note that both crossover and mutation are performed with certain
probabilities (6 and p, respectively) on the individual solutions. The termination condition
in Figure 2.2 could be based on the total number of iterations (generations), the maximum
computing time, or a threshold of desired video distortion. In what follows, we use the
example ad hoc network in Figure 3.1(a) to illustrate the steps in the GA approach. There
are three video sessions in the network, with source-destination pairs {1,9}, {2, 10}, {3,8},

respectively.

Representation and Initialization

In order to encode a feasible solution in the genetic format, we need to define a gene first
and then map a solution to a sequence of genes (chromosome). Naturally, we define a node

as a gene and an end-to-end path can be represented as a sequence of genes. Then, for the
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Figure 3.1: An example wireless ad hoc network and a feasible solution.

concurrent routing problem, each feasible solution (or individual) consists of a number of

paths and, thus, a set of chromosomes, e.g., see Figure 3.1(b).

Then we need to generate a set of initial solutions (or a population). A simple approach
would be to randomly append feasible elements (i.e., nodes with connectivity) to a partial
solution. Under this approach, a construction process would start with the source node
Sy. It would then randomly choose a link incident to the current end-node of the partial
path and append this link with its corresponding head-node to augment the path, until the
destination node d, is reached. It is important to ensure that the intermediate partial path
is loop-free during the process. After generating a certain set of paths for each {s,,d,} pair
independently, a population of individuals for our problem can be constructed by randomly
selecting paths from the set and verifying for stability conditions. A few individuals in the
population can also be initialized with the results obtained using a fast greedy heuristic,
as discussed in Section 3.4. Our numerical results show that a properly-designed GA has
a good exploratory power, and is not very sensitive to the quality of the individuals in the

initial population.

Evaluation

The fitness function h(Z) of an individual, i.e., T = [Py, Pa, Ps], is closely related to its

objective function value (i.e., the total distortion D). Since the objective is to minimize the
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Figure 3.2: Crossover operation.

total distortion (see (3.13)), we have adopted a fitness function that is defined as the inverse

of the distortion value, i.e., h(Z) = 1/D(Z).

Selection

During this operation, we select individuals that have a better chance or potential to produce
“good” offspring in terms of their fitness values. We use the popular Tournament selection
scheme [7], which randomly chooses m individuals from the population each time, and then
selects the best of these m individuals in terms of their fitness values. By repeating this

procedure multiple times, a new population can be selected.

Crossover

Crossover mimics the genetic mechanism of reproduction in the natural world, in which
genes from parents are recombined and passed to offspring. The crossover operation may
create new individuals, exposing the search process to a new area of the fitness landscape.

Figure 3.2 illustrates one possible crossover implementation. The decision of whether or not



38

400

3501 1

50-node network

w

o

o
T

N

a1

o
T

15-node network

150 1

Average Distortion

=
o
o
T
|

al
o
T
|

01 02 03 04 05 06 07 08 09 1
Crossover Rate

(=)
o

Figure 3.3: Impact of crossover rate € on average distortion.

to perform a crossover operation is determined by the crossover rate 6.

For two parent individuals x; = [Py, Ps, P3| and x5 = [Py, Ps, P, we could randomly
pick a session, say Session 2 (P, in 27 and Ps in z5). If one or more common nodes exist in
these two chosen paths, we could select the first such common node that exists in Ps, say ¢,,
gr & {s2,d2} (node 5 in Figure 3.2). We can then concatenate the nodes {ss,- - ,¢g,} from
P, with the nodes {g, 41, -+ ,d2} in P5 (where g,,1 denotes the next downstream node of g,
in P5) to produce a new path Pos. Likewise, using the first such node g,» in Ps that repeats
in Py (which may be different from g, ), we can concatenate the nodes {sy,- -+, g~} from Ps
with the nodes {g,/41, -+ ,d2} in Py to produce a new path Ps;. The two new individuals
generated in this manner are [Py, Pos, Ps] and [Py, Ps2, Ps|, as illustrated in Figure 3.2. If

Py and P; are disjoint, we could swap the entire path Py with Ps5 instead.

Figure 3.3 provides an idea of how the crossover rate ¢ impacts the average distortion
in the OPT-CLR problem. This way, we can identify the best setting for the crossover rate

for future experiments. Here, we fixed the initial population size to 20 and mutation rate to
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Figure 3.4: Mutation operation.

0.5, while the crossover rate is increased in steps of 0.1, from 0.1 to 1. The results are shown
here for a 15-node network with 4 concurrent video sessions and a 50-node network with 8
concurrent video sessions. It can be seen from Fig. 3.3 that the average distortion gradually
decreased as the crossover rate increased for both the networks. Based on this result, we
could set the crossover rate between 0.4 and 0.7 for the subsequent simulations, since further
increases in the crossover rate only achieves a marginal reduction in distortion, but with an

increased computational burden.

Mutation

The objective of the mutation operation is to diversify the genes of the current population,
which helps prevent the solution from being trapped in a local optimum. This is a significant
advantage over traditional trajectory methods. However, just as some malicious mutations
could happen in the natural world, mutation in GA may produce individuals that have worse
fitness values than the current solutions. In such cases, some “filtering” operation is needed

(e.g., the selection operation) to reject such “bad” genes and to drive GA toward optimality.

Mutation is performed on an individual with probability p (called mutation rate). For
better performance, we propose a schedule to vary the mutation rate within (i, ftmaz] OVer
iterations (rather than using a fix ©). The mutation rate is first initialized to fi,q.; then as

generation number £ increases, the mutation rate gradually decreases to pimin, i-€.,

Ho = Himaz (3.19)

k- (Nmaz _,Ufmin)

Tmaa: ’

Kk = Hmaz —
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where T4, is the maximum number of generations. Our results show that varying the
mutation rates over generations significantly improves the on-line performance of the GA-
based routing scheme. In essence, such schedule of y is similar to the cooling schedule used

in SA. Such a hybridized GA yields better convergence performance than a pure GA.

Figure 3.4 illustrates the mutation of an individual z = [Py, Ps, Ps]. First, we choose
a path P,, o € {1,2,3}, from = using equal probabilities of selection. Then, we randomly
select an integer value r in the interval [2, |P,| — 1], where |P,| denotes the cardinality of P,,
and let the partial path {s,,---,¢.} be P¥ where g, is the r-th node along P,. Finally, we
could use any constructive approach to build a partial path from g, to d,, denoted as P2,
that does not repeat any node in P¥ (other than g,). If no such alternative segment exists
between g, and the destination node d,, we keep the path intact. Otherwise, a new path
can now be created by concatenating the two partial paths as P* U P2, For the example in
Figure 3.4, P; is chosen for mutation and node 6 is chosen to be the mutation point, yielding

a perturbed path P; which replaces P;. The new individual thus created is & = [751, Pa, Ps).
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Figure 3.5 provides an idea of how the mutation rate p impacts the average distortion in
the OPT-CLR problem. As before, we fixed the initial population size to 20 and crossover
rate to 0.7, while the mutation rate is increased in steps of 0.1, from 0.1 to 1. The results
are shown here for a 15-node network with 4 concurrent video sessions and a 50-node net-
work with 8 concurrent video sessions. It can be observed from Fig. 3.5 that the average
distortion curves have a unimodal shape (more obvious for the 50-node case). Here again,

the computational complexity increases with the mutation rate pu.

3.3.2 Determining Video Rates

As discussed in Section 3.2, the search space of Problem OPT-CLR is the Cartesian product
of the set of feasible paths and the set of feasible video rates. The optimal values of these
parameters jointly produce the lowest total distortion. In the GA-based approach, the
optimal session rates are determined when evaluating the individuals. More specifically, we
first use the procedure described in Figure 2.2 to evolve a population, assuming that each
session uses its minimum rate R , 0 € £€. Then, during each iteration, we determine the

corresponding optimal rates for each individual and use this rate to compute its fitness value.

Since an individual is a solution with a given set of feasible paths { P, },c¢, the problem

of finding optimal video rates for a set of given paths (OPT-Rate) can be expressed as:

OPT-Rate
Minimize:  D(xx) = » D (3.20)
ocel
subject to: R, <R, <R,, Yo €& (3.21)
py<1—e Vi, j}eL. (3.22)

Note that we do not need to solve OPT-Rate for streaming stored video, since the video
rates are fixed for such applications. OPT-Rate is a nonlinear optimization problem with

nonlinear constraints. It can be efficiently solved using an iterative procedure based on
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the Sequential Quadratic Programming (SQP) method [81], which is considered one of the
most effective methods for solving nonlinear programming problems due to its superlinear

convergence rate.

3.4 A Greedy Algorithm For Initial Solutions

In this section, we present an efficient greedy algorithm for solving Problem OPT-CLR. The
algorithm is based on the observation of key characteristics of the video distortion model.
This algorithm computes low loss and low congestion paths for the video sessions using an

empirical compound routing metric.

Before describing the greedy algorithm, we first examine the total end-to-end distortion
D¢ of a session 0 € S (see (3.10) and (3.11)). The distortion due to encoder, D™, is a
monotonically decreasing function of video rate R,. The distortion due to congestion, D,
on the other hand, is a monotonically increasing function of R,, as well as the rates of all
other sessions R;, that share one or more links with session o. Both of these two terms
are constrained by the stability constraint (3.15) and are thus determined by the available
bandwidths of the path links. The third term D% the distortion caused by lost packets, is
an increasing function of the link loss probabilities. In order to minimize the video distortion
for session o, we need to find paths having the highest end-to-end bandwidth, the minimal

congestion, and the lowest end-to-end loss rate.

We also observe that the D" curve is concave: when R, increases beyond a certain
threshold, further increasing R, will only cause marginal reduction in D", For example,
we plot D¢ for an H.263 coder with typical settings (e.g., Intra Rate 1/15 and frame
rate 30 fps) using the Quarter Common Intermediate Format (QCIF) formatted “Foreman”
sequence, in Figure 3.6. We observe that there is a decrease of about 100 in D$™ when R,
increases from 40 Kb/s to 150 Kb/s. When R, further increases from 150 Kb/s to oo, the

corresponding total reduction in D™ is only about 20. A high rate will cause congestion
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Figure 3.6: H.263 rate-distortion curve using QCIF “foreman” sequence.

in the bottleneck link, resulting in a much larger increase in D¢$?. For practical R, values,
reducing congestion conditions in the network would be more effective than increasing video

rates in improving the overall video quality.

Based on these observations, we describe a greedy heuristic (called GREEDY) in Fig-
ure 3.7, for Problem OPT-CLR. In the GREEDY algorithm, an empirical compound link
cost ¢;;(1 — pi;), which we call the effective available bandwidth, is used. For a given path,
its end-to-end effective available bandwidth is the minimum among those of its links. By
computing the path with the maximum effective available bandwidth, GREEDY finds the
current “widest” path for a session, which has the potential of supporting higher video rates
and having low loss rates. Since both link capacity and loss probability are considered in the
compound link cost, GREEDY may produce near-optimal solutions to Problem OPT-CLR,
as will be shown in Section 3.5. For each session, the maximum effective-available-bandwidth
path could be computed using the algorithm presented in [65], with a time complexity of
O(|L] -log™ [IN]), where log™ n is the iterated logarithm function. The overall time complexity
of GREEDY is O(|S] - |£] - log™ |N]). This algorithm is explained further in [68].
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Algorithm GREEDY
Set the cost of each link {4, j} to ¢;;(1 — py;), V{i,j} € L;
For every video session o € S;
Use the algorithm in [65] and use the costs defined earlier to find the path
having the maximum end-to-end cost. Let this path be P,;
Decrease the bandwidth of every link on P, by R, i.e., setting the link
costs as (¢;; — R,) - (1 — pij), Y{i, 7} € Py;
After the paths for all sessions are found, solve OPT-Rate to determine the
rates for the sessions.

Figure 3.7: A greedy algorithm for computing initial solutions.

For the set of computed paths z, = {P,},cs (which potentially has the minimal conges-
tion and path loss), we solve the nonlinear optimization Problem OPT-Rate, which further
reduces the overall video distortion by finding the near-optimal video rates for the sessions.
It can be easily verified that the path set found by GREEDY is realizable, i.e., it satisfies all
the constraints of Problem OPT-CLR. Therefore, the resulting distortion is an upper bound
of the optimal distortion. The computational complexity of GREEDY is much lower than
GA. It could be used to compute a good initial solution for GA and thus speed up the GA
convergence. In practice, GREEDY can be used to quickly compute a set of near-optimal
paths for the video sessions. Then, the GREEDY solution could be included into the GA ini-
tial population to be further improved, if possible. When GA terminates, the video sessions

could switch to the refined routes for better performance.

3.5 Simulation Results

In this section, we present simulation results. In each experiment, an ad hoc network is
generated at random within a rectangular region. Each video session has a rate between 100
Kb/s and 400 Kb/s. We use an H.263+ codec and the 400-frame, QCIF “Foreman” video se-
quence. The video is encoded with an Intra rate of 1/15 and a frame rate of 30 frames/second.

The corresponding rate-distortion parameters are obtained from [102]. Failure probabilities



45

of the wireless links are uniformly distributed between [1%, 10%]; the bandwidth of a link
is uniformly distributed between [100 Kb/s, 400 Kb/s]. For all the results reported in this

section, the exponential model (3.2) is used.

As discussed, there are three key parameters for the proposed GA approach: the popula-
tion size, the crossover rate 6, and the mutation rate . Through simulation studies, we find
that the performance of the GA-based routing is quite stable for a wide range of parameter
settings. For the results reported in this section, the population size is seven, § = 0.4, and
1= 0.2. The greedy algorithm presented in Section 3.4 is used to generate an initial solution,
while the remaining initial solutions are generated using the random constructive method

discussed in Section 3.3.1.

3.5.1 Dissecting End-to-End Distortion

In Figure 3.8, we plot the average distortion versus decoding deadline for a 15-node network
with four concurrent video sessions. We set the same decoding deadline value for all of the
sessions. It can be observed that the average distortion is a decreasing function of decoding
deadline. For small decoding deadline values, most of the video packets are overdue, resulting
in high distortion. As decoding deadline increases, the average distortion quickly decreases
since more and more packets are now received in time, contributing to an improved video
quality. As the decoding deadline further increases, the real-time application essentially
reduces to an elastic data application, where any received packet is useful for improving
video quality. The same trend exists for all cases we simulated, although the specific “knee-

point” depends on the network and video parameters.

As discussed, the end-to-end distortion of a video session consists of three components:
encoding distortion D¢, distortion due to packet losses D™, and distortion due to con-
gestion DY. In Figure 3.8, the dash-dotted (lowest) curve is for D", From the empirical
distortion model (3.11), D®*¢ is a function of the target encoding bit rate, which is deter-

mined by the end-to-end bandwidth and the congestion condition of the path (i.e., the rate
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Figure 3.8: Distortion versus decoding deadline.

is computed by solving Problem OPT-Rate). It is relatively constant for various decoding

deadlines in this experiment.

In Figure 3.8, the dashed curve is the average distortion computed using both packets
that are received in time and packets that are overdue. The difference between the two
lower curves corresponds to D! which is determined by the end-to-end loss rate. Note
that D' decreases gradually as decoding deadline increases. This is because for very tight
delay constraints, the GA-based routing may give more preference to delay over loss in order
to meet the delay constraint. That is, GA-based routing may choose a path having a lower
end-to-end delay, even though the path may have a higher end-to-end loss. As the delay
constraint gets relaxed, GA is allowed to choose paths having a lower end-to-end loss rate
while still satisfying the delay constraint. The difference between end-to-end distortion and
the dashed curve is D. When congestion occurs, packets experience large delays and many
of them arrive beyond the decoding deadline, causing high distortions. As decoding deadline
increases, the end-to-end distortion curve converges to the dashed curve, which indicates

that congestion has little impact on video distortion when the delay constraint is relaxed.
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3.5.2 Performance Bounds

One interesting question regarding the GA-based routing is how close its solutions are to
the optimal solution. For small networks, it is possible to find the optimal solution in a
reasonable amount of time by using an exhaustive search (ES), which, however, is infeasible
when network size becomes large. In Table 3.2, we compare the GA solutions to the global
optimal solutions computed by exhaustive search, for small networks with three concurrent
video sessions. The decoding deadline A, is set to 0.1 s for all the video sessions. GA runs
for about 50 iterations in each simulation and each GA distortion value is the average of 30

runs. In Table 3.2, the normalized difference is computed as |GA — ES|/ES.

We find that GA performs consistently well in comparison to the optimal solution. In
every case, GA either finds the exact global optimal or finds a near-optimal solution with a
negligible normalized difference. Moreover, for the distortion values obtained by 30 execu-
tions using the same network, the standard deviation is very small for all the cases examined,
indicating that the GA performance is very stable. Finally, the GA computation time (a
few hundred milliseconds, on a Pentium4 2.4 GHz computer with 512 MB memory) is only

a tiny fraction of the time required to perform the exhaustive search (from 2.5 to 9.1 hours).

We also present the GREEDY results in Table 3.2. We find that the GREEDY solutions
are also quite competitive. In Topologies 2 and 4, GREEDY finds the exact global optima;

in the remaining four cases, the GREEDY distortions are close to the the global optima.

3.5.3 Comparison with Trajectory Methods

For comparison, we implement two representative trajectory metaheuristic methods, namely,
SA [1] and TS [40]. For best performance, we set the initial temperature ¢y in SA to 1 and
the temperature decaying ratio w to 0.5. The tabu list for the T'S implementation is chosen

to be 5-units. Implementation details for SA and TS are provided in Appendix A.

In Figure 3.9, we plot the evolutions of the total distortions obtained by GA, SA, and
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Table 3.2: Average distortion values found by the algorithms

Topology | Topology 1 Topology 2 Topology 3 Topology 4 Topology 5
Network Size 9-node 9-node 11-node 11-node 11-node
GREEDY 230.20 81.77 88.29 115.32 77.55
ES 213.94 81.77 67.01 115.32 67.20
GA 214.31 81.77 67.76 115.32 67.63
Norm. Diff. 0.17% 0 1.11% 0 0.62%
Std. Dev. 0.55 0 6.93 0 3.08

TS. Figure 3.9(a) is obtained using an 11-node network with three concurrent video sessions
(for which the global optimum could be found by exhaustive search), while Figure 3.9(b) is
obtained for a 50-node network with 10 concurrent sessions. Simulation time for all three
algorithms is 1 s. The decoding deadline is set to 0.5 s for the 50-node network simulations,

and 0.1 s for the 11-node network simulations.

From Figure 3.9(a), we observe that GA converges to the global optimal very quickly,
while both SA and TS are trapped at local optima (i.e., no improvement after a large
number of iterations). This is due to the fact that GA could explore the fitness landscape
in parallel by evolving a population of solutions, while trajectory methods only maintain a
single solution, and have a higher tendency of being trapped at a local minimum (despite

the fact that they all incorporate explicit strategies to avoid such events).

3.5.4 Comparison with Network-centric Routing

We compare GA-based routing with traditional network-centric routing in solving Prob-
lem OPT-CLR. We implement a shortest path routing algorithm (SP) using hop-count as
routing metric, and a disjoint shortest path routing algorithm (DSP) using loss rate as

routing metric [24], both based on Dijkstra’s Algorithm. In DSP, the link cost is set to
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log (1/(1 — pij)), {#,j} € L£. As a result, the minimum cost path has the highest end-to-end
success probability. In both network-centric algorithms, we first find the optimal set of paths
using the minimum video rates {R, },cs, and then solve Problem OPT-Rate over the path
set to compute the corresponding optimal video rates. In order to meet the link stability
condition in SP; each time when a path is found, we subtract the minimum rate of the cor-
responding video session from the capacity of each link along this path, while the next path
is found in the “reduced” graph. The computation time of GA is between 500 ms to 900 ms,
while the computation time for SP or DSP ranges from tens of milliseconds to about 200

ms.

Overall Performance

Figure 3.10 plots the average distortions found by the three algorithms (i.e., GA, SP, and
DSP) for various decoding deadlines. The network consists of 50 nodes with 10 video sessions.
We find that for very small decoding deadlines, the delay requirement is so stringent that
all the three schemes yield high distortion. On the other hand, for very large decoding
deadlines, the delay requirement is so loose that all the three schemes can achieve a low
total distortion, as long as the stability condition is satisfied. The more interesting region,
however, lies between these two extremes, where a well-designed routing scheme can achieve
a better performance by finding optimal routes for the video sessions. Within this region, GA
outperforms SP and DSP by a significant margin. In Figure 3.10, the GA average distortion
quickly decreases as decoding deadline increases, while the SP and DSP average distortions
are persistently high for small and medium decoding deadlines (indicating that most of the
video packets are overdue in these cases). For example, when A = 0.2 s, the difference
between the average distortions achieved by GA and DSP is 683.8, which translates to a
9.03 dB reduction in PSNR. Similarly, GA achieves a 449.6 reduction in total distortion over
SP, which is a 7.49 dB improvement in average PSNR. These improvements are significant,

since generally a half dB difference in PSNR is noticeable [116].
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Figure 3.10: Average end-to-end distortion versus decoding deadline.

In Figure 3.11, we examine the impact of video traffic load on the routing performance.
We compare the total distortions found by GA, SP, and DSP while increasing the number
of video sessions in the 50-node network. The decoding deadline is 0.5 s for all of the video
sessions. As expected, both SP and DSP produce higher total distortions than GA, due to
the fact that they only use network layer metrics in routing. More specifically, SP does not
consider the interaction of the video sessions. Although it computes the shortest path for
each session, different sessions may share bottleneck links, resulting in congestion and high
packet overdue rates. On the other hand, DSP goes to the other extreme by not allowing
the sharing of any links, even when a link has abundant bandwidth and a low loss rate.
As a result, some “bad” links (i.e., low capacity or high failure probability links) or paths
having a large number of hops will be used in order to satisfy the disjointedness requirement,
resulting in an increased total distortion. Another interesting observation from Figure 3.11
is that the total distortion obtained by GA increases linearly with the number of sessions,
which implies that the average distortion for each session is relatively constant, despite that

the video traffic load has increased nearly ten folds.
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Performance of Individual Sessions and Frames

So far, we have investigated the impact of optimal routing on total video distortion. Now,
we examine the quality of individual video sessions. Specifically, we transmit encoded video
on those paths found by GA, SP, and DSP, respectively, and compute PSNRs for decoded

video frames that are possibly corrupted due to transmission errors and congestion.

The distortion values for the individual sessions obtained by the three algorithms are
plotted in Figure 3.12 for a 50-node network with 10 video sessions. We find that for most
of the sessions (except for Sessions 4 and 7), GA achieves a much lower distortion than the
two network-centric algorithms. Although for Sessions 4 and 7, the GA distortion is higher
than that of SP or DSP, the difference is negligible in both cases. The session distortions
of SP and DSP are highly diverse, while the GA sessions have relatively even distortions,
despite the fact that only the total distortion is minimized. The total distortion achieved by
GA is 943.2, which is much lower than those achieved by SP (1956.0) and DSP (1738.4).

The PSNRs of decoded frames for Session 5 are plotted in Figure 3.13. The frames sent on
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obtained by different algorithms.

the GA paths have much higher PSNR values than those sent on the SP or DSP paths. The
average Session 5 PSNR (over the 400 frames) achieved by the GA-based routing is 31.16 dB,
while the average PSNRs obtained by SP and DSP are 25.93 dB and 26.06 dB, respectively.
Such significant gains (over 5 dB in both cases) are due to the fact that the application layer
video quality (rather than network layer metrics) is explicitly optimized and the routing
for multiple sessions is jointly optimized. To illustrate the perceived video quality, we also
present decoded Frame 148 in Figure 3.14, including the original YUV formated frame and
those obtained by GA, SP and DSP. The GA frame has a slightly lower quality than the
original YUV frame (Figure 3.14(a)), due to information loss caused by compression and
transmission errors. The decoded frame in Figure 3.14(b) has a much better visual quality

than the two frames in Figs. 3.14(c) and 3.14(d).
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Figure 3.13: PSNRs of decoded frames for video session Five.

3.6 Related Work

Traditional network-layer QoS-routing for ad hoc networks [8,9,18,62,83] have been a topic
of intense research for many years. In such problems, the focus has been on addressing
network layer routing problems from various perspectives. For example, delay/bandwidth
constrained least-cost routing [18], end-to-end resource guarantees [62,83], and associativity
of wireless links [106]. The problems addressed in this chapter differs from the traditional
QoS-routing problems in that, most of these prior efforts do not explicitly formulate the
objective function as an application layer metric while the constraint set is comprised of

mainly network/link layer resources and parameters.

Several path/server selection schemes have been developed for video streaming in the
Internet. Specifically, in [6], the authors present three heuristics on selecting multiple de-
scription (MD) video servers in a Content Delivery Network (CDN). Although shown to be
quite effective for CDNs, these algorithms only select servers based on some performance
metrics. It is not clear how to determine the paths to the servers for minimizing video

distortion. In a recent work [12], Begen et al. studied the problem of path selection for
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(d) DSP.

Figure 3.14: Reconstructed frame 148 from the “foreman” sequence.
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MD video streaming in service overlay networks. The optimal routing problem is solved via
exhaustive search which could have an exponential complexity. Subsequently, the authors
proposed an improvement algorithm in [11] by taking advantage of the special structure of
the underlying network. This improvement algorithm may not be feasible for ad hoc net-
works that are infrastructureless and have dynamic topologies. Finally, it is worth noting

that the interaction of concurrent video flows is not considered in these prior works.

There exist several prior efforts on applying GA to address network layer problems, e.g.,
shortest path routing [2,36,100] and multicast QoS routing [10]. GA has also been explored
to address various other networking problems such as admission control [117], channel assign-
ment [39], network design [29], scheduling [77] and buffer management [32]. In particular,
Ahn and Ramakrishna [2] applied GA to the shortest path routing problem and compared its
performance to the Dijkstras algorithm. In addition, the authors also presented an elegant
analysis on how to determine the optimal population size for the problem at hand. These
efforts have made an important first step towards exploring the potential of GA for network
optimization. The research presented in this chapter builds upon these earlier efforts and
extends GA’s potential to address the more complex cross-layer, video-centric optimization
problem. The problem investigated in this chapter is substantially more difficult since it

exploits the design and optimization space across multiple layers.

3.7 Summary

In this chapter, we studied the problem of optimally supporting multiple concurrent video
communication sessions in an ad hoc network. We formulated a network-wide optimal rout-
ing problem that minimizes the total distortion of all video sessions. We modeled the end-
to-end video distortion as a function of routing layer behavior. Our formulation seamlessly
integrates the interaction of competing video flows and network layer link metrics, which

allows for computing of optimal routes as well as determining the optimal rates for the video
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sessions. We developed a highly effective solution procedure based on the GA framework
for computing near-optimal routes for all the concurrent video sessions. Several computa-
tional experiments were performed using randomly generated network topologies ranging
from 9-nodes to 50-nodes. The efficacy of the proposed solution methodology is explored
by comparing with exhaustive search methods in finding the optimal. The GA-based al-
gorithm was also compared with a fast greedy heuristic for small sized networks, and for
larger networks, the fast greedy heuristic was used initialization of the population used in
the GA-based algorithm. Furthermore, for larger sized networks, where exhaustive search
is near impossible, the performance of the GA-based algorithm is compared with other tra-
jectory based metaheuristics, as well as other network layer routing algorithms. The results
support the robustness of the proposed approach. In particular, the GA-based algorithm
consistently outperforms the trajectory based algorithms that were compared, namely simu-
lated annealing and tabu search. The GA-based approach also outperformed the traditional
network-centric routing schemes, namely the shortest path and disjoint shortest path routing

algorithms, by finding paths that had considerably lower packet loss and delay.



Chapter 4

Path Selection and Rate Allocation

for Concurrent Video Sessions

4.1 Introduction

Among various mechanisms for quality of service (QoS) provisioning, path selection is ar-
guably one of the most important mechanism for supporting video sessions in multihop
wireless networks. This is because the quality of a received video is highly dependent on
the quality of the path(s) in terms of loss, delay, and delay variations. An efficient path
selection algorithm should choose high quality paths for a video session, and would be espe-
cially appealing if it makes path selection decisions directly based on the application layer

performance such as video distortion.

We consider address the following problems: (i) given a set of available paths, find an
optimal subset of path(s) to be used, (ii) find the optimal rate that the video should be
encoded and transmitted, and (iii) partition the rate among the chosen paths, such that
the reconstructed video quality is maximized. These problems are tightly coupled: the

optimal rate is determined by the path selection and traffic proportioning strategy, and wvice
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versa. Furthermore, the optimal rate vectors for all the concurrent video sessions are also
closely dependent on each other: changing the rate allocation of one session may degrade the
optimality of the rate vectors for other sessions. The interactions of competing video sessions
in resource sharing must be addressed, and an efficient strategy should take these factors
into consideration in a holistic manner. Furthermore, although heuristic algorithms could
be applied to compute such rate vectors, it is more important to provide bounded optimality
gap in many cases, i.e., the gap between a feasible solution and the global optimum. In other

words, it is important to explore performance limits in such complex optimization problems.

In this chapter, we consider the problem of optimal path selection and rate allocation
for concurrent video sessions in an ad hoc network. For each video session, there is a
set of directed paths from the source node to the destination node. Such paths could be
precomputed by an underlying routing protocol based on certain quality constraints (e.g.,
loss rate, available bandwidth, etc.). The sessions compete for network resources, such as
bandwidth, when their paths share wireless links. Our goal is to determine the optimal
rates for all the video sessions, as well as how to split the optimal rate over the paths for
each session, such that the overall quality of the reconstructed video are optimized. Note
that such a multi-path transport approach has many advantages (e.g., see [72] and references
therein), including bandwidth aggregation, load balancing, and improved error resilience

against transmission errors and link failures.

We formulate the above path selection and rate allocation problem, which optimizes
video application performance (i.e., distortion) by seamlessly incorporating the network layer
parameters. That is, we take a cross-layer approach by modeling the application layer
performance metric, video distortion, as a function of network layer behavior (i.e., path
selection and traffic proportioning). For realtime applications, each data packet is associated
with a decoding deadline. A packet must be successfully delivered before its decoding deadline
for the packet to contribute to the reconstructed video quality. The impact of congestion
(i.e., packet delay distribution) should be taken into consideration, in addition to that of

link failures. In our formulation, interactions among competing video sessions contribute to
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the delays on shared links, and the end-to-end delay distribution is derived by applying the
Chernoff bound approximation [19]. Such a formulation provides a guideline on choosing a

set of optimal paths and rate vectors that provide the best video quality.

This formulation results in a nonconvex non-polynomial programming problem with a
complex objective function and constraints. Each session’s distortion is a function of the
rates of all other sessions. Since non-polynomial programming problems are NP-hard in
general, and our problem does not appear to posses any simplifying special structure, it
is likely also NP-hard. Although this class of problems can be solved using metaheuristic
algorithms (e.g., Genetic Algorithms [7]) for near-optimal solutions, we pursue to provide
guarantees on the optimality gap of such near-optimal solutions. The main contribution of
this work is a specialized branch-and-bound-based framework, predicated on RLT, that can
produce e-optimal solutions to the problem of optimal path selection and rate allocation for
concurrent video sessions. The proposed solution procedure is computationally efficient and

provides an elegant trade-off between optimality and computation complexity.

The remainder of this chapter is organized as follows. In Section 4.2, we formulate the
problem of optimal path selection and rate allocation for concurrent video sessions and de-
velop a tight linear programming relaxation of the problem through suitable transformations
of variables and polyhedral approximations. Section 4.3 describes a specialized branch-and-
bound and RLT-based solution procedure to solve the formulated problem. Some computa-
tional results and evaluation of alternative algorithmic strategies are presented in Section 4.4.

Related work is discussed in Section 4.5, and finally Section 4.6 concludes this chapter.

4.2 Problem Formulation

As we discussed in Chapter 3, we model a wireless ad hoc network as a directed graph
G(N, L), where NV is the set of vertices, representing mobile nodes, and L is the set of wireless

links in the network. We focus on network layer link metrics, assuming that lower layer
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dynamics can be translated into these network-layer metrics. For instance, we characterize
each wireless (directed) link {4, j} by available bandwidth of link {7, j}, ¢;;; and the mean

packet loss probability of link {7, j}, p;j,due to transmission errors or link failures

Consider a set of concurrent video sessions, denoted as &, sustained in this network. Each
video session o € £ has a source node z, and a destination node d,. For each session (i.e.,
a source-destination pair) z,—d,, there is a set of given paths, denoted by P,. In practice,
these paths can be precomputed by proactive routing protocols [9,23], or discovered by a
reactive routing protocol [83]. The total rate of a video stream, R,, originated at source
node z,, is bounded by R, < R, < R,, o0 € £, while the lower and upper bounds of R, are
determined by the specific video encoder and the video sequence used by source node z,.
This rate R, is to be allocated among all the paths in P,.! Letting an element in the rate

vector be R}, n € P,, the following conditions must be satisfied.

> Ry=R,, and R} >0, Vn€ P, Vo €€, (4.1)

nEPa
This chapter follows the notation in Chapter 3. Additional notation used in the chapter is

summarized in Table 4.1.

4.2.1 Link and Path Statistics

We derive link and path statistics in this section. These statistics will be used to compute

the application layer video distortion in Section 4.2.2.

Load and Delay on a Link

As discussed in Section 3.2.1, the traffic on a link {i,j} is an aggregate of traffic from

different paths that traverse the link. To account for the potential packet loss at upstream

LA path in P, will be assigned a rate of zero if it is not selected. That is, path selection is made when

the rate vectors are determined.
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Table 4.1: Additional notation for Chapter 4

Z, | Source node of session o.

d, | Destination node of session o.

P, | Path set of session o, from z, to d,.
P | A path in the set P,, from z, to d,.
A, | Decoding deadline of session o.

T | End-to-end delay on path P} € P,.

T, | Average end-to-end delay for session o.
pe | End-to-end loss rate of P € P,.

R} | Rate of video session ¢ on path P! € P,.
R, | Rate of video session o.

R, | The maximum rate of video session o.

R_ | The minimum rate of video session o.

links, let P™% denote the upstream partial path for path P® up to link {i, j}, exclusively. If
link {i,j} ¢ P", we have P™¥ = (). Then, the average rate of the aggregate traffic on link
{i,j} € Lis
A=) II a-pwm)|- R (4.2)
o€f nePy {l,m}e’ﬁ'f}’”
The utilization of link {7, j} is p;; = \ij/c;;. For stability, we should have p;; < 1 — ¢, for

some stability tolerance 0 < e < 1, for all {7, j} € L.

Similar to Section 3.2.1, we model each link {i,j} as a general queueing system, with
the input rate \;; (defined in (3.1)) and service capacity c;;. Let fi;(y) be the probability
density function for the queueing delay ¢;; on link {7, j}. The delay on a link could then be

modeled via an exponential distribution i.e.,

fij(y) = cuj - e ¥ for y > 0. (4.3)

Path Delay

Recall that for each session o € £, there is a set of paths P, between the source node z, and

the destination node d,. Let T denote the delay on path P and 7, the weighted average
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end-to-end delay among all the paths for Session o, then

T, = —e.7n 4.4

ORI (1)
TLG’PO’

Since the delay on path P consists of delays on all the links along the path, we have that

T3 =2 igyers tis

For the end-to-end delay, we can apply the Chernoff Bound [19] to obtain a good approx-
imation, similar to the problem in the previous chapter. Applying the Chernoff Bound and
using the analysis in Chapter3, the distribution of 7/ can be approximated as [30]:?

exp{—F(s;,)}
S;ncso,n(sé,n) V2m ,

Pr{T">A,} ~ ( (4.5)

[9210g My
where 5, () = \/ 5=

End-to-End Loss Rate

Assuming that the packet loss processes on the links are independent, the end-to-end loss

probability for the path P € P, can be approximated as

pp=1- ] (1—py), VneP, Vo€ (4.6)
{i.jtePy

4.2.2 Video Distortion

As in Chapter 3, we use the rate distortion model developed by Stuhlmuller et al. [102], to
describe the relationship between the bit rate and the achieved video distortion. Please refer

to Section 3.2.2 for further information.

2The moment generating function of a heavy-tailed Weibull random variable does not exist (although
all of its moments are well-defined). Therefore, the Chernoff Bound approach cannot be applied to delays
having such distributions. However, the overdue probability can be computed by the sub-exponential prop-
erty. For example, for an i.i.d. sequence of heavy-tailed Weibull random variables {X7, -, X,,}, we have

Pr}_, Xk > x] & Pr [maxgi<p<n) {Xi} > z] = n-Pr[X; > z] [43].
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With our results on link and path statistics from Section 4.2.1, we have

w
D¢ = D _ 1 —p,)Pr(T, > A, o
o o+RG_RD+§( p)vr( )+ Ep
Dgg Dé_oss
DgnC
w
— Dy —2
o + R — R +
RZ n n n
kY o Wo + (1=p5)Pr(Ty > Ag)}, (4.7)
TLGPO' v

where Dy, w, Ry, and k are constants for a specific video codec and video sequence.

4.2.3 Mathematical Formulation

We are now ready to formulate the problem of optimal path selection and rate allocation for
concurrent video sessions (OPT-PSRA), with the objective of minimizing application layer
video distortion. Mathematically, Problem OPT-PSRA can be stated as in Eqgs. (3.13)—(4.13)

below.

In Problem OPT-PSRA, the objective function (4.8) is the sum of the average distortion
of all the concurrent video sessions. The goal is to obtain the best possible rate vectors
that would minimize (4.8) over a given set of paths for each video session. Alternative
objective functions, such as max{ D¢} or an objective function in the form of a utility function
> .. f(DS) (e.g., a logarithmic utility function), can be handled using the same solution

procedure that will be discussed in Section 4.3.

The search space for Problem OPT-PSRA consists of two sets of continuous variables: (i)
the set of rates for the video sessions { R, },c¢; and (ii) the set of rates for all paths in the path

set for a given session { R} for o € €. Equation (4.9) provides the relationship between

n€EPy?
these two sets of variables. The inequalities in (4.10) bound the feasible rate for each video
session, which is determined by the specific video sequence and the encoder parameters. The
inequalities in (4.11) are the stability conditions, which ensure that the links are stable with

finite delays. Equation (4.12) is derived from the definition of J,,, while Eq. (4.13) is a
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reformulation of Eq. (3.7) and is used to compute s, for each path.

OPT-PSRA
Minimize
w R” e~ So.nlo
D = Do+ 55—+ ) 2Zeps+(1—p;
; { 0 Ro’ - RO n; Ro’ {p ( b ) {S(’;’nég,n(szm) V 277'

Cij — Zgoeé‘ Zkepw [H{l,m}eﬁfzvij(l - plm)} Rl:;

11 (4.8)
{ijyePy Cij — Z@es Zkeﬂp [H{l,m}eﬁ{;’”(l - plm)} R§ — 55
subject to
R,= Y Ry, Voeé& (4.9)
n€73‘o—
R, <R,<R,, Voc€& (4.10)

>0 [T Q-pwm)| Ri<(d—e)-cy Y{ij}eP, (4.11)

oc€E neEP, {l,m}eﬁ?’ij
1
oa= > . (412
tigyery (Cij = 2Lpes 2okep, [H{l,m}eﬁﬁ’”(l - le>] R§ — 55.0)°
Vn € P,,Vo € &
1
Ar= ) : (4.13)
{igyery Cij — Z@EE Zkem [H{l,m}eﬁé’ij(l - plm)] Rg ~ Son
Vn € P,,Vo € .

Observe that the objective function (4.8) and the constraints (4.12) and (4.13) are non-

polynomial, non-convex functions of both {R,},cs and {R!} The rates of all the

nePy
video sessions are closely coupled in (4.8). Since non-polynomial problems are NP-hard in
general [35], and Problem OPT-PSRA does not appear to posses any simplifying special
structure, it is likely also NP-hard. In the following section, we present a branch-and-bound
solution procedure for Problem OPT-PSRA, predicated on the RLT construct. Our proposed

solution procedure can produce a solution within a relative error of € to the global optimum,

where 0 < € < 1 is an arbitrarily small value reflecting the tolerance in approximation.
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4.3 Branch-and-bound Algorithm for Solving Problem
OPT-PSRA

We can now design a specialized branch-and-bound algorithm to solve Problem OPT-PSRA,
by embedding RLT relaxation at every node in the branch-and-bound tree, as described
before in Section 2.3. But first, we shall reformulate the non-polynomial terms in Problem
OPT-PSRA, so as to convert it to a polynomial problem p-PSRA. Then we apply RLT to
the polynomial problem and derive the corresponding LP relaxation /-PSRA . The optimal
solution to this LP relaxation provides a lower bound LB, which is often infeasible to the
original problem. Therefore, following the reformulation, we present a local search algorithm
that generates a feasible solution by applying a rounding scheme to the LP solution. We

present the detailed branch-and-bound algorithm in Figure 4.2.

4.3.1 Reformulation

Due to the existence of non-polynomial terms in Problem OPT-PSRA, our first goal is to
reformulate this problem into a polynomial programming problem, which will simplify the

objective function as well as the constraints.

In the objective function (4.8), there are three sets of non-polynomial terms. In order
to transform the first two non-polynomial terms, we define new variables u, = 1/(R, — Ry)
and w, = (1/Ry) >, cp, By -pj. Substituting u, and w, into the objective function, we get
two linear terms w - u, and s - w,, respectively, and two sets of new polynomial constraints

ua'(Ra_RO) =1 and wU'RJ:ZnEPURZL'pn'

o

In order to transform the third non-polynomial term in Eq. (4.8), i.e., the product of

fractions, recall that «;; denotes the available bandwidth on a link {7, j}, i.e.,

Qi = Ciy — Z Z 9;7],71 . RZ, (414)

€€ neEP,
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where 67" = [y epnis (1 — pim). Note that 67" is constant, since the paths are given.

Let g7} denote the weighted packet overdue probability on the path P,

R™

Le, gy = 7= - Pr(I7 > A,). Again, defining a substitution variable v;; = to convert

ij " So,m
the fractions in Pr(7 > A,) to polynomial form, i.e.,
Rn
. Qi Ui | (4.15)
Rg‘ /— H i ij

an Un {l,]}GP"

9y =

This product form motivates us to apply logarithms on both sides of Eq. (4.15), which
will lead to a linear constraint. This way, the complexity on the objective function can be

effectively moved into the constraints.

Taking logarithm on both sides of Eq. (4.15) and making the following substitutions,

;

Vgn =loglg;), Voe&
v, =log(Ry), Yoe&
v =log(R,), Voeé&
V5, = log(s;,), VYoe& (4.16)
7S, =log(8yn), Vo €&

'>’ V{Z,j} GPU,VO'G(C:
vy = log(vi),  V{i,j} € Py,Vo €&,

we have,

Vo = = =D = Vo = Van T Y (VY — log(v2r), (4.17)
{i,5YePy

where throughout, log(-) denotes logarithm to the base e.

Once the objective function is simplified, in order to generate a linear programming
relaxation for the problem OPT-PSRA, we shall construct polyhedral outer approximations

for each of these logarithmic identities as follows.
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In generic notation, which can then be applied to each of the identities in (4.16), consider

the following relationship:

y = log(z), where 0 <zy<z<1 (4.18)

We can linearize this logarithmic relationship over the bounds using a polyhedral outer
approzimation comprised of a convexr envelope in concert with several tangential supports.

For instance, if z is bounded as 0 < xy < x < 1, these constraints can be written as follows.

> loglzo) (1 _ 4
y > (1—x) (4.19)
y§10g<xk‘)+%a k=1, .. kna,

k-1

i, for k =1, ..., ke A four-point tangential approximation

where x = x9+ (1 — x¢)
can be obtained by letting k,,.. = 4, as illustrated in Figure 4.1. The corresponding convex
envelope consists of a chord connecting the two end points, which is used in combination
with four tangential supports at four points including the two end points. As a result, every
logarithmic relationship specified in Eq. (4.16) translates to five linear constraints constitut-

ing a polyhedral outer approximation. Note that such polyhedral outer approximations will

be iteratively tightened during the branch-and-bound procedure (see Section 2.3.2).

Now we have successfully reformulated the objective function into a linear form, and
introduced the corresponding polynomial constraints to make the reformulation tight. To
make the problem polynomial, it still remains to transform the two constraints (4.12) and
(4.13) to the polynomial form. From the definition of v;;, we have that 07, = 3, »cpn V5
and A, =) (ijyePn Vij- With the above re-formulation, we can now rewrite Problem OPT-

PSRA as a polynomial programming problem (p-PSRA) as follows.

p-PSRA:

Minimize D(zy) = Z {DO + Wiy + KW, + K Z (1-— pg)gg} (4.20)
o€l nePq

subject to R, = Z R}, Voe& (4.21)

TLEPO’
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(0,0)

log(x)

y:

Tangential Supports

Chord connecting
_25l el the two end points

-0.2 0 0.2 0.4 0.6 0.8 1 1.2

Figure 4.1: Polyhedral outer approximation for y = log(z) in 0 < zy < x < 1.

ag=cy— Y. > 05" -RE Vi j}eP, (4.22)

p€E kEP,
Oéij Z € - Cija V{’L,j} < 7)0 (423)
Ap= Y vy, VneP,Voek& (4.24)
{i.j}yePy
V5 - (Oéij — S;,n) = ]_, \V/{Z,j} € Pg, Vo e €& (425)
0Z,= Y v, VneP,Voecé& (4.26)
{ijrePy
we Ry =Y RI-pl, Vo €& (4.27)
nEPy
Uy (RU — RQ) =1, Vo e & (428)

’yg,n - rygf,n - 75 - SZ,nAU - ’Y;,n - ryg,n +

Z (vi; + i) — log(V2m), Vn € P, Vo €& (4.29)
{i.i}ePy
Polyhedral outer approximations for fyfm, 7R VI

Vo ms Vo Voo Vhy Vi, 5} € P,Vn € Py,Vo € € (4.30)

R, <R,<R,, Yoc& (4.31)
1 1

RU — R() B Eg - RO 7 ( )
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Implied bounds for all other variables. (4.33)

In Problem p-PSRA, as in the case of the original problem, constraints (4.22) and (4.23)
are stability constraints and constraints (4.31) are bounds on the video rates. Constraint
(4.24) is a reformulation of constraint (4.13) of the original OPT-PSRA problem. Constraints
(4.25)—(4.28) and (4.32) are derived from the definition of the corresponding variables. Con-
straint (4.29) results from a linearization of Eq. (4.15), and the constraints in (4.30) are the

polyhedral outer approximations for the logarithms of the packet overdue probabilities on

the paths P! € P, (see Egs. (4.15)—(4.19)).

As discussed before, Problem OPT-PSRA is now transformed into a polynomial non-
linear programming problem of order two. The highly complex objective function (4.8) is
greatly simplified (i.e., linearized) and the complexity is shifted into the constraints in the
polynomial form. Although this problem is simpler than the original problem, it is still a

nonlinear programming problem, which is NP-hard in general.

4.3.2 Generating LP Relaxation Using RLT

Now that Problem OPT-PSRA is translated into the polynomial Problem p-PSRA, we em-
ploy RLT to generate the corresponding LP relaxation ¢-PSRA. First, nonlinear implied
constraints are generated by taking the products of bounding terms of the decision variables
that constitute the polynomial terms in Problem p-PSRA. The resulting problem is subse-
quently linearized by variable substitutions, one for each nonlinear term appearing in the
problem, including both the objective function and the constraints. It should be noted that

the maximum order of the polynomials in Problem p-PSRA is two.

For instance, the second order term u, - R, in Eq. (4.28) can be viewed as a single term,
for which we can introduce a new variable u,, thereby substituting p, = u, - R,. Since u,
and R, are each bounded by (u,)r < u, < (u,)y and (Ry)r < R, < (Ry,)u, respectively, we

generate the following relational constraints, which are known as RLT bound-factor product
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constraints.
[ {te — (wo)e] - [Ry — (Ro)ul}, 2 0
{[uo — (uo)r] - [(Ro)u Ra]}L >0 (4.34)
{[(uo)v — to] - [Ro — (Ro)L]}, >0
| {[(uo)v — uo] - [(Ro)v — Rol}, 20,

where {-};, denotes a linearization step under the substitution p, = u, - R,. Note that
(Ry)r = R, and (R,)y = R,. From the above relationships and by substituting iy = s Ry,

we have the following RLT constraints for ..

(UU)L Ry + (RJ)L CUg = flo < (UU)L : (RJ)L

(Ug)v - R + (Ro)L * Uo — flo > (Uo)v - (Ro)L (4.35)
(Uo)r - Ro + (Bo)u - g — fo 2 (Uo)r + (Ro)u

(Uo)v - Ro + (Ro)v * Uo — plo < (Uo)v - (Ro)u -

We therefore replace the second-order term u, - R, with the linear term p, in Eq. (4.28)
and introduce the above linear bound-factor RLT constraints for u, into the Problem p-
PSRA formulation. Similarly, we define new variables for all the remaining nonlinear terms

in Problem p-PSRA, including &;; = vij - auj, ¥ij = vij - S5, ¢ij = U?j, Xom = 62 and

o,n’ o,n’

7, = Wy - R,, and make substitutions in the same manner.

Let R and R"™ be vectors having components R, and R, respectively. After replacing all
non-linear terms as above and adding the corresponding RLT constraints into the Problem
p-PSRA formulation, we obtain the following linear programming relazation problem (¢-
PSRA) as described in Eqgs. (4.36)—(4.50), for which many efficient (polynomial-time) solution

techniques and tools are available.

(-PSRA.:

Minimize D(zy) = Z {DO + Wiy + KW, + K Z (1-— pg)g;‘} (4.36)
oe€ n€Ps

subject to R, = Z R}, VYoe& (4.37)

nGPo
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Implied bounds for all other variables.

4.3.3 Local Search Algorithm
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(4.50)

As discussed in Section 2.3.2, in the branch-and-bound procedure, the solution to the relax-

ation problem is usually infeasible to the original problem. This problem can be resolved

by finding a feasible solution to the original problem via a local search algorithm that starts

from the infeasible solution.
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For Problem OPT-PSRA, we adopt the following local search strategy that computes a
feasible solution (R, u, v, «, d,s) from the solution to the relaxation problem (f{, a,v,d,0, S).
Specifically, since the rates of the video sessions obtained from the solution to the relaxation
problem are always feasible to the original problem (i.e., the stability constraints are always
satisfied and the rates are always within the lower and upper bounds), we have that R = R.

From R, we can compute the values of a;; from Eq. (4.14), the values of s}, from Eq. (3.7),

*
o,n’

and the values of u, from Eq. (4.28). After obtaining «;; and s, we can compute v;; from
Eq. (4.25), and 6,,, from Eq. (4.26). Therefore, a feasible solution to the original Problem
OPT-PSRA, (R,u,v,a,d,s), can be obtained from the solution to the relaxed problem.
The complete branch-and-bound algorithm for solving Problem OPT-PSRA presented in

Figure 4.2.

4.3.4 Remarks

When optimizing the performance of rate allocation schemes for multiple users, efficiency
and fairness are usually orthogonal objectives, i.e., maximizing one may lead to significant
decreases in the other. In Problem OPT-PSRA, we minimize the sum of the average distor-
tion of all the concurrent video sessions (see Eq. (4.8)), thus achieving the best utilization
of network resources, which are limited in ad hoc networks. Alternatively, we can use an
objective function max,eg{DS}. Minimizing this objective function will equalize the per-
formance of all the users as much as possible. To solve this new problem, we can make a
simple transformation by defining a new variable as y = max,cg{DS%}. The transformed
problem minimizes y, with additional constraint D¢ < y for all o € £. Then, our branch-
and-bound/RLT-based solution procedure can be applied to this transformed problem to

obtain e-optimal solutions.

Furthermore, it has been shown that proportional fairness could achieve a trade-off be-
tween efficiency and fairness. For this purpose, a logarithmic utility function could be used

for the users, i.e., minimizing > __.log(D¢). Similarly, we can first make a transformation

oel
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Path Selection and Rate Allocation Algorithm
1. Initialization:
2 Initialize the best solution 1* = () and the best upper bound UB = co.
3 Initialize the problem list L with the original problem, Problem 1
4 Relaxation:
5. Solve the RLT relaxation -PSRA () for Problem 1
6 Denote the obtained relaxation solution as (f{, u, v, &, 5, §) and the objective value as the lower bound LB;.
7 Let the initial worst lower bound LB = LB;.
8. [Iteration:
9 Select problem k that has the minimum LBj among all problems in the problem list.
10. Local Search:
11. Obtain a feasible solution (R, u,v,a,d,s) from (f{, a,9,4,9, §) by running the local search algorithm.
12. Denote the objective value obtained by using (R, u, Vv, a, d,s) in the original problem as U By,.
13. If (UB, < UB) {
14. Update ¢¥* =1 and UB = UBj.
15. If (LB > (1 — €)UB), stop with the e-optimal solution t*.
16. Otherwise, remove all problems &’ from the problem list that satisfy (1 — e)UB < LBy }
17. Partition:
18. Find the maximum relaxation error among all the RLT variables such as |y Ry — jlo|
19. In the case that the maximum relaxation error is |120RU — fis|,
20. if (o) — (o)1) - min{ils — (uo)z, (ur)y — e} > (Re)u — (Ro)L):
21. min{Rg — (Ro)r, (Ro)u — Rg},
22. partition Qj, into two new regions €2, and Qy, by dividing [(us)r, (us)v] into [(us)r, @] and
23. [do, (us)Ul;
24. Else, partition €, into two new regions by dividing [(Rs )7, (R )y] into [(Ro)r, Ro] and [Re, (Ro)v].
25. Perform similar partitions if the maximum relaxation error is obtained from any other RLT variable
26. and its associated product.
27. Bounding Step:
28. Solve the RLT relaxation for the two sub-problems and obtain their lower bounds LBy, and LBy, .
29. Remove problem k from the problem list.
30. If (1 - €)UB > LBy, , add problem k; into the problem list.
31. If (1 — €)UB > LBjy,, add problem k2 into the problem list.
32. If the problem list is empty, stop with the e-optimal solution *.
33. Otherwise, proceed to the next iteration.

Figure 4.2: Branch-and-bound and RLT based algorithm for Problem OPT-PSRA.
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by defining new variables y, = log(D¢%), for all 0 € £. The transformed problem minimizes
> oce Yo With additional constraints y, = log(Dy), for all o € €. Then, the polyhedral outer
approximations could be applied for these logarithmic constraints (see Section 4.3.1) and the
branch-and-bound /RLT-based solution procedure can be applied to solve the transformed

problem.

4.4 Simulation Studies

In this section, we present simulation results for the optimal path selection and rate allocation
problem. In each simulation, a wireless ad hoc network is generated by placing a number
of nodes at random locations in a rectangular region. A wireless link exists if a node is
within the radio range of a transmitting node. As discussed, a set of preselected paths
are precomputed using a k-disjoint path routing algorithm for each source-destination pair,
which are randomly chosen from the set of nodes N. In order to show how the technique
works and for simplicity, we assume that there is only one path connecting a source z, to
destination d,, in the earlier part of this section. In the later part of the section, we expand

the problem to multiple paths connecting each source destination pair.

In the simulations, each video session has a rate bounded by 20 Kb/s and 200 Kb/s.
We used an H.263+ codec and the first 200 frame of the “Foreman” trace in the quarter
common intermediate format (QCIF). The video was encoded at 12.5 frames per second and
an intra rate of 1/9. Each group of blocks (GOB) was transmitted in a packet to make them
independently decodable. The rate-distortion parameters are obtained from [102], and are
found to be Dy = —0.3971, Ry = 7.0307, w = 3448.4, and k = 645.16. Failure probabilities of
the wireless links are chosen from a uniform distribution between [1%, 5%]; the bandwidth of
a link is chosen from a uniform distribution between [50 Kb/s, 400 Kb/s|. For all the results
reported in this section, the exponential model (4.3) and the Chernoff Bound approximation

(4.5) are used to compute the end-to-end delay distribution. The proposed solution procedure
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is implemented in C, and the LINDO API 3.0 is used for solving the LP relaxation Problem
(-PSRA. At every node in the branch-and-bound tree, the local search algorithm discussed

in Section 4.3.3 is used to obtain a feasible solution from the LP relaxation solution.

4.4.1 Performance for Various Instances

We first examine the performance of the proposed solution procedure with different instances
of Problem OPT-PSRA, which are presented in Table 4.2. In the table, Cases I-III are for
a 30-node network, as shown in Figure 4.4(a). There are two, three, and four sessions,
respectively, and each source-destination pair is connected by one path, sharing a common
bottleneck link (i.e., link {27, 18}). In Figure 4.3(a), we show the correlation among the given
paths for Case II. Cases IV-VII are for a 50-Node network as shown in Figure 4.4(b). There
are four, six, eight, and 10 sessions, respectively, and one path for each session. Similarly,

Figure 4.3(b) depicts the path correlations for Case VII.

In these case studies, we examine the performance of the proposed solution procedure
in the presence of multiple shared links and bottlenecks. The remaining Cases VIII-X are
for the same 50-node network as shown in Figure 4.4(b), with three, four, and five sessions,
respectively, and two paths for each session. In these cases studies, the proposed algorithm
performs both rate allocation and path selection (i.e., proportional routing). The decoding

deadline is 0.2 s for all the cases in Table 4.2.

The last column in Table 4.2 presents the number of subproblems examined, or nodes
in the corresponding branch-and-bound tree, when the algorithm terminates. We observe
that the number of nodes that are examined is an increasing function of the optimality gap
€, as well as the size of the problem. For example, for the same 50-node network, when
the number of concurrent video sessions increases from 6 to 10, the number of nodes in the
branch-and-bound tree increases from 112 to 334. The fifth column of Table 4.2 presents
the total distortion values found by solving the corresponding U B for Problem 1 in the Path
Selection and Rate Allocation Algorithm (i.e., the UB obtained from the first node in the



(b) 50-node network (Cases VII)

Figure 4.3: Correlation among paths in a network.
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(b) A 50-node network for Cases IV-X

Figure 4.4: Randomly generated networks. Source nodes are marked with solid square;

destination nodes are marked with solid triangle.
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Table 4.2: Performance of the proposed algorithm for various instances of Problem OPT-

PSRA

Case Network Size No. of No. of Init. Feas. eoptimal €  No. of
Sessions Paths  Solution  Solution Nodes

I 30 2 1 106.64 106.64  0.05 3
IT 30 3 1 181.85 179.26  0.05 23
III 30 4 1 249.09 240.66  0.05 25
IV 20 4 1 255.99 252.13 0.0 16
\Y 50 6 1 419.44 366.41 0.1 112
VI 50 8 1 537.65 500.33 0.1 145

VII 20 10 1 665.39 640.10 0.1 334
VIII 50 3 2 200.45 190.67 0.1 48
IX 50 4 2 295.01 282.60 0.1 144
X 50 5 2 369.19 301.53 0.1 403

branch-and-bound tree); the sixth column of Table 4.2 presents the e-optimal solution found
by the algorithm. We find that the corresponding values between these two columns are very
close to each other. This clearly demonstrates that the polyhedral outer approximation and
the RLT-based LP relaxations used in the solution procedure are well designed and tight.
This also implies that for time-critical applications, the rate vectors computed by Problem
1 can be used as a competitive near-optimal approximation, while the refined e-optimal rate

vectors could be updated when the branch-and-bound algorithm terminates.

We also study the convergence performance of the proposed solution procedure, which
is illustrated in Figure 4.5. In this figure, we plot the evolutions of the upper bound UB
and the lower bound LB for the 50-node network (see Figure 4.4(b)) with six concurrent
video sessions. The decoding deadline is 0.1 s for this result. Recall that at each iteration,
the lower and upper bounds for the original problem are chosen according to Eq. (2.4). In
Figure 4.5, the y-axis represents the average value of Distortion for each session, while the
x-axis represents the number of iterations. We observe that even though the gap between

the lower and upper bounds is initially high, the gap quickly decreases over iterations. Also,
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Figure 4.5: Convergence of path selection and rate allocation algorithm for a 50-node network

with six video sessions.

the largest decreases in UB , i.e., the objective value of the feasible solution to Problem
OPT-PSRA, occur in the first few iterations. When LB is within ¢ = 10% of UB, the
algorithm terminates. The global optimum, found by an exhaustive search, is also plotted
in Figure 4.5, which is bounded by the upper and lower bounds, as expected, and is very

close to the computed upper bound U B.

4.4.2 Comparison with A Network-centric Scheme: The Single
Path Case

In the remainder of this section, we compare the performance of the proposed approach with
a network-centric rate allocation scheme. Before presenting the comparison results for the
multi-path case, we first compare the proposed algorithm with the network-centric scheme
while assuming a single path for each session. The reason for doing this is two-fold. First, this
allows us to separate rate allocation and path selection, and to focus on the rate allocation

performance, since all the traffic for a session will be transmitted on the single path. We can



81

700

Max—-Min (p=80%)
Max-Min (p=70%)

Max—-Min (p=50%)

Average Distortion

Max—Min (p=30%)

100

- -
f~,

O L L
005 01 015 02 025 03 035 04 045 05
Decoding Deadline (s)

Figure 4.6: Average distortion versus decoding deadline for a 50-node network with 10

sessions and one path per session.

then examine the performance of the proposed algorithm on rate allocation only. Second, in
an ad hoc network with a random topology, such single path scenarios are highly likely to

exist, especially when mobility is allowed.

Specifically, we implement a maxz-min rate allocation scheme (called max-min throughout
this chapter), which is widely regarded as a fair rate allocation policy [13]. In max-min,
fairness is achieved by maximizing the minimum rate allocation in the network without
exceeding its upper bound and the capacity of each link. Note that the max-min rate
allocation is based on the fluid flow model and does not explicitly consider queueing delay at
the links. Therefore, we need to compute the max-min fair rate allocations for a prescribed
link utilization factor, which specifies the maximum percentage of capacity that can be used
on a given link. Using this scheme, we find the rate allocation for each video session and

then compute the total distortion using Eq. (4.8).

Figure 4.6 plots the average distortions found by the proposed algorithm and max-min

for various decoding deadlines. The network consists of 50 nodes with 10 concurrent video
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sessions. There is one path for each session. The max-min scheme is executed for various
link utilization factors, ranging from 30% to 80%. It can be seen that the proposed approach
outperforms max-min in all the cases. In fact, the branch-and-bound/RLT curve forms a
lower bounding envelope for the set of curves produced by max-min. A closer examination
reveals that for small decoding deadlines, max-min curves with lower link utilizations (e.g.,
p=30%) are closer to the branch-and-bound/RLT curve, while for large decoding deadlines,
max-min curves with higher link utilizations (e.g., p=80%) are closer to the branch-and-

bound/RLT curve.

This interesting observation can be well explained by Eq. (4.7). Recall that the end-to-
end distortion D¢ consists of three components: D¢ = D¢ + D% + D% In this case, since
there is only a single path associated with each session, D!°** is the same for all the schemes.
However, each of the remaining two terms will dominate in different ranges of decoding
deadline. For small decoding deadlines, D¢ is the dominating component. Thus max-min
with a high link utilization suffers from severe congestion. For large decoding deadlines,
D¢ is the dominating component. Thus max-min with a low link utilization suffers from
high encoding distortion. However, for the entire range of decoding deadline, the branch-
and-bound/RLT algorithm can intelligently choose the e-optimal rates to minimize both
types of distortion. In addition, although the max-min distortion is close to that computed
by the proposed algorithm for some decoding deadline values and link utilizations in this
simple network, its performance will be much worse when there exist multiple paths for each
session with diverse loss rates, i.e., when the third component, D'**, comes into play, as will

be shown in Section 4.4.3.

We find that for very small decoding deadlines, the delay requirements are so stringent
that all the schemes yield high distortion. On the other hand, for very larger decoding
deadlines, congestion has only limited impact since only few packets are overdue. In this
case, all the schemes can achieve a low total distortion that is determined by the end-to-
end loss rates on the paths. The most interesting region, however, lies between these two

regions, where a well designed rate allocation scheme can achieve a much better performance
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Figure 4.7: Distortion for individual video sessions in the 50-node network with 10 sessions

and one path per session (A,=0.2 s, for all 0 € ).

by finding optimal rates for the video sessions. Within this region, and throughout this graph,
we can see that the proposed approach consistently outperforms max-min by a significant
margin. This is due to the fact that the proposed approach takes directly minimizes the
distortion of the sessions. In Figure 4.5, the distortion achieved by the RLT-based procedure
quickly decreases as the decoding deadline increases, while the distortion achieved by max-
min stays persistently high for the small and medium ranges of decoding deadlines (implying

that most video packets are overdue in these cases).

In Figure 4.7, the distortions of individual sessions computed by the proposed approach
and max-min are plotted for a decoding deadline of 0.2 s. For each session index, distortion
values are plotted in the following order: branch-and-bound/RLT, max-min (p=30%), max-
min (p=50%), max-min (p=70%), and max-min (p=80%). We find that our algorithm
achieves lower distortion than max-min for most of the sessions, except for Session Six,
where the differences are negligible. The total distortion achieved by the proposed approach
is 630.90. This is much lower than those achieved by max-min, which are 1115.80, 697.82,
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Figure 4.8: Average distortion versus decoding deadline for a 50-node network with five

sessions and two paths per session.

975.01, and 2174.20 for link utilizations of 30%, 50%, 70%, and 80%, respectively.

4.4.3 Comparison with A Network-centric Scheme: The Multi-

path Case

In the previous simulation studies, we examined the performance of the proposed algorithm
under the condition that there is one path for each session. These will demonstrate its
performance on rate allocation, i.e., how to reduce the encoding distortion without causing
congestion in the network. In this section, we examine the multi-path cases with both rate

allocation and path selection, where all the three components in D¢ come into play.

In Figure 4.8, we plot the average distortion for various decoding deadlines for a 50-
node network, where there are five sessions and two paths available for each session. As in
Figure 4.6, we find that the average distortion quickly decreases when the delay constraint

is relaxed. In contrast to Figure 4.6, the branch-and-bound/RLT approach outperforms
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the max-min approach by a significant margin: there is a big gap between the branch-and-
bound /RLT curve and the lower bounding envelope of the max-min curves. For example,
when the decoding deadline is 0.2 s, the average distortion achieved by our approach is
60.31, which translates to a Peak-Signal-Noise-Ratio (PSNR) of 30.33 dB (computed as
10 - log 10(255 * 255/D%)); the average distortion achieved by max-min when p=50% is
107.61, which translates to a PSNR of 27.81 dB (the best among all the max-min curves).
There is a 78.4% reduction in distortion and a 2.52 dB improvement in average PSNR. Note
that such an improvement is significant in terms of perceived video quality, since usually a

half dB difference in PSNR is noticeable.

In order to illustrate the quality for individual sessions, we plot the distortion for each ses-
sion obtained for a decoding deadline of 0.2 s in Figure 4.9. As in the single path case, for each
session index, distortion values are plotted in the following order: branch-and-bound/RLT,
max-min (p=30%), max-min (p=50%), max-min (p=70%), and max-min (p=80%). We ob-
serve that the proposed scheme achieves better performance for all the five sessions. The
total distortion achieved by the proposed approach is 301.54. This is also much lower than
those achieved by max-min, which are 663.33, 529.55, 615.43, and 824.16 for link utilizations
of 30%, 50%, 70%, and 80%, respectively.

We then simulate the video transmissions in this 50-node network for the A, = 0.2
s case. In the simulations, the source nodes transmit packetized video traffic along the
paths according to the rate vectors computed, while the destination nodes reconstruct video
frames from received packets and compute their PSNR values. For Session Two, the average
PSNR is 32.27 dB for the branch-and-bound/RLT scheme, and are 28.73 dB, 30.20 dB,
29.62 dB, and 26.88 dB for max-min when link utilization is 30%, 50%, 70%, and 80%,
respectively. The proposed approach achieves a 2.07 dB gain in average PSNR over max-
min with p=50%, which is the best among all the max-min schemes. In Figure 4.10, the
PSNRs for the reconstructed frames are plotted for our scheme and max-min with p=50%.

We find that except for a few frames, there is a clear gap between the two PSNR curves.
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Figure 4.10: PSNR of reconstructed video frames for video session Two.



87

Although PSNR provides a good means of quantifying video quality, perceived quality
would be the ultimate performance measure for applications such as video. In order to
illustrate the perceived quality of reconstructed video, in Figure 4.11, we present Frame 160
obtained by various schemes. Again, we find that although the frame delivered by max-
min with p=50% is the best among all the max-min frames, it is still inferior to the frame

obtained by our algorithm.

4.5 Related Work

The optimal traffic proportioning problem, i.e., given a set of calls, how to partition them
to the set of given paths such that the overall throughput is maximized, has been studied
extensively in the context of telephone networks. See [90] and references therein. Recently,
a localized approach to the proportional routing problem is proposed in [75]. In addition,
the problem of utility maximization with multi-path routing has been studied in the context
of flow/congestion control for elastic data in a few recent works [45, 54,63, 109]. In such
problems, each session is associated with a concave, univariate utility function of its total
rate. Distributed algorithms are developed to adapt the session rates, in order to maximize

the total utility of all the sessions while subject to network resource constraints [63].

These interesting works motivate our efforts on this important problem, particularly when
video quality is the optimization objective. The problem we study in this chapter differs from
those analyzed by prior works in that we need information on link metrics and on all t he
active video sessions. The formulation is considerably more complex in that we model the
end-to-end delay distributions, which is required for realtime traffic with tight decoding
deadlines. There is no such nice property as convexity. A session’s distortion is affected
by other sessions in the network, making it impossible to break the original problem into
simpler subproblems or to derive an easier-to-solve dual problem. Consequently, the prior

approaches (developed for elastic data traffic based on flow models) could not be applied to
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Figure 4.11: Reconstructed frame 160 from the “foreman” sequence for video session Two.
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our problem.

As discussed, we focus on the joint design and optimization of the application and network
layers, which differs from network-centric QoS routing problems for ad hoc networks. For
example, see [8,9,18, 83|, among others. Most of these efforts do not explicitly consider
the optimization of application layer performance. Although the network layer performance
could be optimized, they may not yield optimal performance at the application layer, since
application performance metrics, e.g., video distortion, are usually highly complex functions
of multiple network layer metrics (e.g., see Eq. (4.8)). Indeed, our proposed scheme is
complementary to these works: the network-centric protocols could be used to compute a
set of paths for a new video session, and then, the path selection and rate allocation algorithm

could be applied to determine the e-optimal rate vector for the video session.

Several path/server selection schemes have been developed for video communications in
various network settings [6,12,67]. In [6], three heuristic schemes are presented for selecting
a pair of MD video servers in a Content Delivery Network (CDN). In a recent work [12],
Begen et al. study the problem of path selection for MD video streaming in service overlay
networks. Finally, a multi-path congestion-based partitioning scheme is presented in [92] for
optimizing received video quality, and the optimal traffic partitioning problem for multimedia
data is studied in [73]. It is worth noting that this class of works focuses on a single video
session, while the interactions among concurrent video sessions are not explicitly considered.
In addition, except for [73], these works are approximation algorithms and there is a lack of

theoretical study on the optimality of the proposed approaches.

4.6 Summary

In this chapter, we investigated the problem of path selection and rate allocation for con-
current video sessions in an ad hoc network. We formulated a network-wide optimal routing

problem that minimizes the total distortion of all video sessions, by not only selecting the
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best set of paths for video communication, but also, computing the optimal rate and par-
titioning it among the chosen set of paths. We modeled the end-to-end video distortion
as a function of routing layer behavior. Our formulation captures the tight coupling that
exists between the optimal encoding rate for each video session, the selection of paths for
video transmission and the proportioning of traffic among these selected paths. An enhanced
reformulation of this problem was presented, augmented by logarithmic convexification and
RLT-based inequalities, and a specialized branch and bound algorithm was designed for solv-
ing this resulting model representation. Several computational experiments were performed
using randomly generated network topologies to explore the efficacy of the proposed solution
approach. The performance of the algorithm on different instances of the problem, ranging
from 30-node network and 2 video sessions to 50-node network and 10 sessions is studied.
Furthermore, the performance of the branch-and-bound algorithm is compared with a max-
min rate allocation scheme [13], which is widely regarded as a fair rate allocation policy.
The results revealed that when a single path is used for each video session, the branch-
and-bound algorithm provides a lower bounding envelope of distortion values obtained using
max-min scheme with any link utilization factor. In the multi-path case, when both both
rate allocation and path selection are involved, we find that the branch-and-bound algorithm
considerably outperforms the max-min rate allocation scheme, over the entire range of the

decoding deadline.



Chapter 5

Multipath Routing for Multiple

Description Video

5.1 Introduction

The problems considered thus far, focused on developing techniques to optimize the perfor-
mance of multiple concurrent video sessions over multihop wireless networks. In doing so, we
have not taken advantage of any specific video encoding scheme. Recently, a new video cod-
ing scheme called Multiple Description (MD) video coding is developed. This video coding
technique is designed to generate substreams in such a way that the loss in one substream
does not adversely affect the decoding of the other substreams. In this chapter therefore,
we investigate the problem of multipath routing for multiple description video in multihop

wireless networks.

MD video is an important coding technique for error resilience and control for multimedia
applications [44, 114] and has been recognized as an ideal candidate for video streaming in
multi-hop wireless networks [5,6,16,41,71]. Under MD coding, multiple equivalent streams

(or descriptions) are generated for a video source for transmission. At the receiver, any
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received subset of these streams can be combined to reconstruct the original video and the
quality of the reconstructed video is commensurate with the number of received descriptions.
This video coding technique is drastically different from traditional layered video coding,

where video reconstruction hinges upon successful delivery of the base layer.

From a cross-layer routing perspective, the problem is to find a set of routes (or paths)
in a network, one for each MD video stream such that the video distortion is minimized.
The optimal multipath routing problem considered in this chapter is formulated into a 0-1
mized-integer non-linear programming problem. Such problems are shown to be NP-hard in
general [96]. In a previous work [66], we studied this problem and solved it using genetic
algorithms. Although GA remains an effective algorithm, it remains a metaheuristic which
does not provide any performance bounds on how close the solution is to the optimal. As a
result, a theoretical result on the multipath routing for multiple description video remains

an open problem.

In this research effort, we fill in this important theoretical gap in cross-layer optimization
for video communications. We design an optimization approach based on the Reformulation-
Linearization Technique (RLT) to solve the multipath routing problem. The underlying 0-1
mixed-integer nonlinear programming problem is relaxed into a polynomial problem having
a tight linear programming (LP) relaxation as prescribed by RLT, and a specialized branch-

and-bound algorithm is designed to derive a global optimum.

The remainder of this chapter is organized as follows. We begin this chapter by comparing
two contrasting video coding techniques, namely layered coding and multiple description
coding in Section 5.2, followed by MD video generation in Section 5.3. In Section 5.4, we
present the problem formulation. We then describe an RLT-based approach to reformulate
and linearize the problem in Section 5.5, and develop a branch-and-bound-based algorithm
in Section 5.6. Simulation results are presented in Section 5.7, and related work is discussed

in Section 5.8. Finally, Section 5.9 concludes this chapter.
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5.2 Layered Coding versus Multiple Description Cod-
ing

A common feature of wireline and wireless networks is the existence of multiple paths be-
tween nodes in a mesh topology. Video communications can take advantage of multiple
paths by dividing the video stream into multiple substreams, so that each substream can be
transmitted on a separate path. This reduces congestion in the network, thereby reducing
congestion induced packet loss, and also allows for a better load balancing through out the
entire network. To send video over multiple paths in ad hoc networks, we must have a

suitable mechanism to generate sub-streams at the video source.

One way to generate multiple streams is to employ layered video coding scheme, that
is often used in the case of wired networks. Layered video codecs can achieve elegant rate
scalability [37,56] i.e., they can generate layered embedded bit-streams that are decodable
at different bitrates, with a gracefully degrading quality. This provides a convenient way
for performing rate control required to mitigate network congestion [103]. Layered repre-
sentations have become a part of the current video coding standards such as MPEG and
H.263+ [49,105], and layered representations for Internet streaming have been widely stud-
ied [47,55,86]. Furthermore, layered video coding has been proposed in combination with
differentiated Quality-of-Service (DiffServ) [14] in the Internet [85,99], where important lay-
ers can be delivered with better, but often more expensive QoS guarantees, while the less

important layers with minimal or no QoS guarantees.

A layered codec encodes raw video into base layer and enhancement layers. The base
layer (BL) provides a basic level of quality and can be decoded independently. On the other
hand, the enhancement layers serve only to refine the base layer quality i.e., each additional
enhancement layer (EL) can be used to further improve the video quality. But if the base
layer is lost, it is not possible to reconstruct a video frame using the enhancement layers,

even if they are received successfully (see Figure 5.1 (b)). In other words, the base layer
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Figure 5.1: Layered coding versus multiple description coding.

represents the most critical part of the layered representation. As a result, the performance of
streaming applications that employ layered representations is sensitive to losses in base layer
packets. We find that transporting layered coded video over the Internet is highly successful
because of the existence of a relatively reliable path from the source to the destination, such
that packet losses and delays are within a range that can be effectively coped by error control
and error concealment mechanisms. However, there is no guarantee of a single reliable path
in wireless networks. As a result, it is neither possible to maintain a minimum quality for the
perceived video, nor feasible to decode the upper enhancement layer video streams, despite
the fact that upper enhancement layers might be received correctly via other paths at the
receiver (see Figure 5.1 (b)). Therefore, layer video coding is not a viable approach for video
transport in multihop wireless networks, especially under eztreme conditions. For wireless
networks operating under dynamic conditions, the wireless links are highly fragile, and there
is a high degree of uncertainty that any particular path within the network will remain
reliable over an extended period of time. In this environment, as discussed, traditional
layered scalable video coding or single stream coding cannot perform well because either

scheme requires at least one relatively reliable path from the sender to the receiver.

For multipath transport to be successful in sending compressed video, the video coder
must be carefully designed to generate substreams so that the loss in one substream does
not adversely affect the decoding of other substreams. Recently, MD coding has gained con-

siderable attention as an alternative to layered coding for streaming over unreliable chan-
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nels [44,89,111]. Under the MD coding paradigm, multiple “equally” important streams
(or descriptions) are generated by the encoder. At the receiver, any subset of these streams
can be used to reconstruct the original video (see Figure 5.1 (a)). That is, each description
alone can guarantee a basic level of reconstruction quality of the source, and every additional

description can further improve that quality.

In [4], Apostolopoulos introduced packet path diversity for video streaming. He proposed
to send complementary descriptions of an MD coder through two different paths. Experi-
mental results showed the potential benefits of the proposed system. Since then a number
of studies have appeared that exploit the concept of packet path diversity in media commu-
nication. In [5], Apostolopoulos and Wee employed path diversity in the context of video
communication using unbalanced MD coding to accommodate the fact that different paths
might have different bandwidth constraints. The unbalanced descriptions are created by
adjusting the frame rate of a description sent over a particular path. In [41], Gogate et al.
studied image and video transmission in mobile radio networks. It was shown that com-
bining MD coding and multiple path transport in such a setting provides higher bandwidth
and robustness to end-to-end connections. In [71], Mao et al. showed the advantages of
path diversity in combination with multistream coding by studying three techniques that
are based on the motion compensated prediction, which is found in modern video coding
standards. These schemes include feedback based reference picture selection, layered coding
with selective automatic repeat request and multiple description motion compensation cod-
ing. The authors realized that each of these three video coding/transport techniques is best
suited for a particular environment, depending on the availability of a feedback channel, the
end-to-end delay constraint, and the error characteristics of the paths, and that a significant
improvement of video quality can be achieved over standard schemes with limited additional

cost.

MD coding matches perfectly with the wireless ad hoc network environment for multime-
dia applications [71]. This is because of the inherent mesh topology of such networks, and

the existence of multiple paths between any source and destination pair. Indeed, within an
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MD coding paradigm, as long as the link/node failure events on each path are not entirely
correlated, it is possible to construct an acceptable quality video at the receiver in wireless

ad hoc networks.

5.3 Generating MD Video

Multiple description coding has received considerable attention in recent times. From an
information theoretic standpoint, many approaches for realizing MD objectives have been
proposed. These include, using interleaved quantizers [33,50,107], interleaved spatial and/or
temporal sub-sampling [57], pair-wise correlation transform [112,113], correlating lapped
orthogonal transform [22], correlating filter-banks [51] and coefficients splitting [88] in the
discrete cosine transform (DCT) domain. These approaches vary widely in terms of their
rate-distortion performance and complexity. Few of these approaches are can handle for a
general source, while others are designed for specific applications, such as speech/audio or

image/video (see [44] for an excellent survey).

Our interest in MD coding lies in developing an MD codec for video. A key challenge
in designing an MD video coder is in the mismatch between the reference frames used in
the encoder and decoder when only a single description is received in the decoder. Such a
mismatch can be avoided by having independent prediction loops, each based on the recon-
structed frames from a single description. Adapting the video redundancy coding (VRC)
method for our cause (adopted in the H.263 standard), we partition the video frames into two
descriptions using a temporal sub-sampling scheme, where two descriptions are generated
by separating the even- and odd-numbered frames and encoding them separately, as shown
in Figure 5.2. Therefore, for the rest of this chapter, we consider double description (DD)
video. The first frame in each stream is coded in the intra-mode (I frame) and the following
frames are coded in the inter-mode (P frame). a 10% macroblock level intra-refreshment is

used, which has been found to be effective in suppressing error propagation for the range of
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Figure 5.2: Generating multiple description video.

loss rates considered. This simple time-domain partitioning method is widely used in many
video streaming studies [6,12,16,71]. An H.263+ like codec is implemented to generate the
two descriptions. This codec encodes the video sequence into two balanced descriptions (i.e.,
Ry = Rs). From the network point of view, each Group of Blocks (GOB), or slice, is carried
in a different packet. Packets from even-numbered frames are transmitted along one path
while the packets from odd-numbered frames are transmitted on a different path. When a
GOB is corrupted, the decoder applies a simple error concealment scheme by copying the
corresponding slice from the most recent, correctly received frame. It is worth noting that
the problem formulation and the solution approach discussed later in this chpater, are quite
independent of the actual MD coder used, and can support other multiple description styles

as well as other codecs (e.g., MPEG based codec instead of H.263+).

5.4 Problem Formulation

5.4.1 Network Model

We model a multi-hop wireless network as a directed graph G{V,E}, where V is the set
of vertices representing wireless nodes and £ the set of edges representing wireless links.
We assume that nodes are reliable during the video session, but links may be up or down
with certain probabilities. For our routing problem, we focus on the network and link layer

statistics, assuming that the physical and MAC layer dynamics from the underlying radio
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environment are reflected in the network and link layer statistics. We characterize a link

{i,j} € & by:

e b;;: the available bandwidth of link {7,j}. We assume that the impact from other

wireless interference is accounted for through this link metric.
e p;;: the probability that link {i,j} is “up”.

e [;;: average burst length for packet losses on link {7, j}.

These parameters may be measured at every node, and distributed throughout the net-
work using Link State Advertisements (LSA) [23] or piggybacked in route replys (RREP) [83].
Based on these basic metrics, we can derive path-level bandwidth and failure probability,
which are useful to characterize end-to-end performance at the video application layer (i.e.,

distortion).

Table 5.1 summarizes the notation used in this chapter.

5.4.2 Video Distortion and Path Level Statistics
Video Distortion

Consider a video session from video server s to client . We assume that the video is encoded
into two descriptions (i.e., double description video), each with a rate Ry, bits/pixel, h = 1,2.
For video coding and communications, a distortion rate model addresses the problem of
how much information R, needs to be transmitted over the communication channel such
that the original video can be successfully decoded at the receiver with a given distortion
d. For DD video, let d; be the achieved distortion when only Description A is received,
h = 1,2, and dy the distortion when both descriptions are received. The rate-distortion
region for a memoryless ¢.7.d. Gaussian source with a square error distortion measure was

first introduced in [80]. For computational efficiency, the following distortion-rate function



Table 5.1: Summary of notation for Chapter 5

Graph representation of the network

Set of vertices

Set of edges

Source node

Destination node

A path from s to t

A link from node i to node j

Bandwidth of link {7, j}

Success probability of link {7, j}

Average length of loss burst on link {i, j}
Rate of Description A in bits/sample

For balanced descriptions, R = Ry = Rs
Distortion when both descriptions are received
Distortion when only Description h is received, h = 1,2
Average distortion

Average “up” period of the joint links

“up” to “down” transition prob. for J(Py, Pz)
“down” to “up” transition prob. for J (P, Pz)
Probability of receiving both descriptions
Probability of receiving Description 1 only
Probability of receiving Description 2 only
Probability of losing both descriptions
Routing index variables, defined in (5.3)

“up” to “down” transition prob. of link {7, j}
“down” to “up” transition prob. of link {7, j}
Average success prob. of joint links

Average success prob. of disjoint links on Py,
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could be used [3,66]:

o 2—2(R1+R2) 2
dO T 2—2R1 1 9-2Ry_o-2(Ri+Ry) o
dy = 272 . 52 (5.1)

dg = 272R2 . 0'2,

where o is the variance of the source. Since Gaussian source is the most difficult to encode,
i.e., for a given square error distortion measure, it requires the most number of bits, the

above video encoding scheme can be regarded as the worst case rate distortion region.

From end-to-end perspective, denote g as the probability of receiving both descriptions,
o1 the probability of receiving Description 1 only, 7y the probability of receiving Description
2 only, and 717 the probability of losing both descriptions. Then, the expected average video

distortion at the receiver can be approximated as:

D:WOO'd0+7701'd1+7T10'd2+7T11'0'2. (52)

Finding the rate distortion region for MD video is still an open problem [44], and the MD
region is well understood only for memoryless Gaussian sources with squared-error distortion
measure, which bounds the MD region for any continuous-valued memoryless source with
the same distortion measure. Our simulations show that although (5.2) is an approximation
for DD video, significant improvement in video quality could be achieved over alternative
approaches by incorporating it in the optimal routing problem formulation (see Section 5.7).
Furthermore, our formulation does not depend on any specific distortion-rate function. A
more accurate distortion-rate function could be easily incorporated into this formulation

should it be available in the future.
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Path-Level Statistics

To characterize a path P, between source node s and destination node ¢, we define:

1, if link {i,5} € Pp
(h) ’ ’
0, otherwise.

An arbitrary path P, can then be represented by a vector I® of |€| elements, each corre-

sponding to a link and having a binary value.

For a source-destination pair {s,t}, consider two given paths [Py, P>} in G{V,£}. Since
we do not mandate “disjointedness” between the two paths, P; and Py may share nodes and
links'. For each link {7, j}, the aggregate description rate should be bounded by its available
bandwidth as

1 2
IV R+ 17 Ry < p-by, (5.4)

where p is a constant. For a video with coding rate f frames/s and a resolution of W x V'
pixels/frame, we have p = 1/(k - W -V - f), where k is a constant determined by the
chroma sub-sampling scheme. For example, when using quarter common intermediate format
(QCIF) [176 x 144 Y pixels/frame, 88 x 72 Cb/Cr pixels/frame|, we have k = 1.5 and
p=1/(1.5-176-144 - f).

We now focus on how to compute the end-to-end path statistics. Similar to the approach
in [6,12,66], we classify the links into three sets: set one consisting of links shared by both
paths, denoted as J(Pi, P2), and the other two sets consisting of disjoint links on the two
paths, denoted as J(Py), h = 1,2, respectively. For disjoint portion of the paths, it suffices
to model the packet loss as a Bernoulli event, since losses of the two descriptions are assumed

to be independent on disjoint portions. The success probabilities on the disjoint portions

"'We argue that although stipulating disjoint paths may reduce the complexity of the problem considerably,
purely pursuing disjointedness may lead to the use of low quality links (e.g., high loss rates, low bandwidths,
or large delays). This inturn may result in a worse video quality than allowing the sharing of some “good”

links in wireless ad hoc networks.
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are:

pfz?) _ L5y e 7y Piss i j(Ph) #0,h=1,2 (5.5)
1, otherwise, h = 1, 2.

On the joint portion of the paths, losses on the two streams are correlated. In order to
model such correlation, we model each shared link {7, j} as an on-off process modulated by a
discrete-time Markov chain, as shown in Figure 5.3(a). There is no packet loss when the link
is “up”; all packets are dropped when the link is “down”. Transition probabilities, {«;;, 5;;},
can be computed from the link statistics as 8;; = 1/l;; and a;; = (1 —p;;)/(pi;li;). Note that
we have p;; = V/(A + V), which is the equilibrium probability that the Markov chain is in

the “up” state.

If there are K shared links, the aggregate failure process of these links is a Markov
process with 2% states. In order to simplify the computation, we follow the well-known
Fritchman model [34] in modeling the aggregate process as an on-off process. Since a packet
is successfully delivered on the joint portion if and only if all joint links are in the “up” state,
we can lump up all the states with at least one link failure into a single “down” state, while

using the remaining state where all the links are in good condition as the “up” state.

Let T}, be the length of the “up” period, then the average value T,, can be computed as

follows.

Z i- Prob{T,, =i}

1—OékZ 1 1—ﬁ(1—0ék)]

[@
1 k k=1

_1/[1—1_[ 1—%].

k=1

i

P'lﬂg I
’:]w

I
—

%

Therefore, in the context of the current problem,

_ 1
T, = . (5.6)
1— H{i,j} € ..7(731,7)2)(1 — o)




The transition probabilities of the aggregate on-off process can be computed as

Ton, [TOTL(l - pjnt):| ’

where pj,; is the average success probability of the joint portion, and

[ jy e gpr oy Piss T (P1,P2) # 0
1

Pjnt = .
otherwise.

)

Note that A =0 and ¥ = 0 if J(Py,Ps) = 0.
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(5.7)

The consolidated path model is illustrated in Figure 5.3(b), where J(Py, P2) is modeled

as a two-state Markov process with parameters {A, ¥}, and [J(P,) is modeled as a Bernoulli

process with parameter (1 — p((i?)), h = 1,2. With the consolidated path model, the joint

probabilities of receiving the descriptions are:

(

Too = Pjnt (1-4) 'p<11j 'p?lj
To1 = Pjnt 'p}lj : [1 - (1 - A) ‘P?zj}
T10 = Pjnt [1 - (1= A)pzlij] 'p?lj
| T =1 = Djne - [pcllj +p5 — (1= A) - py 'p?lj] :

5.4.3 Mathematical Formulation

We can now formulate the problem of multipath routing for MD video into a mathematical

programming problem as follows.

OPT-MR:

Minimize D:WQO'CZ0+7T01'd1—|—7'('10'd2—|—77'11'0'2
1, ifi=s, i€V, h=12
subject to > IV - "IV =< _1 iti=t, i€V, h=12

2% 2%
’ ! 0, otherwise, 1€V, h=1,2

(5.10)

(5.11)
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(a) The Gilbert two-state link model.
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(b) A path model characterizing joint and disjoint links.

Figure 5.3: Link and path models.

<1, ifi#t, jEV, h=1.2

S (5.12)

ey —0, ifi=t, jeV, h=12

IV R +10 Ry <p-by, {ijre€ (5.13)
() » _

;7 €{0,1}, {i,jy €& h=12 (5.14)

In Problem OPT-MR, {I, i(;l) } are binary optimization variables (incorporated in g, o1,
710, and my1). Constraint (5.11) guarantees that the paths originate at the source s and
terminate at the destination ¢, and constraint (5.12) ensures that the paths are loop-free.
Constraint (5.13) guarantees that the link capacity limit is observed. For a given pair
of paths, the average video distortion D is determined by the end-to-end statistics and
the correlation of the paths, as given in (5.1) and (5.9). The impact of each of the link
characteristics on the average distortion is captured by the problem formulation. Specifically,
with larger end-to-end bandwidth , the video rate for each description could be higher and

therefore the impact of the encoder on distortion is relatively low (i.e., dy, d, and ds are all
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decreasing functions of the description rates). With a lower end-to-end loss rate, fewer video
frames will be corrupted. This is modeled in (5.10), where ¢ is usually much larger than dj,
dy, and ds, and dj, is usually larger than dy, h = 1,2. Finally, the impact of path correlation
is actually considered in the derivation of the joint probabilities of receiving the description.
In Problem OPT-MR, all the three elements are integrated in the objective function (5.10),

and are jointly optimized in routing.

The objective function (5.10) is a complex ratio of high-order exponentials of the I-
variables. The objective evaluation of a pair of paths involves identifying the joint and
disjoint portions, which is only possible when both paths are completely determined. Since
such problems are NP-hard in general [35], and Problem OPT-MR does not appear to posses
any special simplifying structure, it is likely to be NP-hard.

In the following sections, we present an algorithm based on branch-and-bound frame-
work [76] for Problem OPT-MR, predicated on RLT. Our proposed solution procedure can
produce a solution within a relative error of € with regard to the global optimum, where

€ € (0,1) can be made arbitrarily small depending on required accuracy.

5.5 Reformulation and Linearization

Our solution approach to Problem OPT-MR is to embed RLT in a branch-and-bound frame-
work [94,97]. In this section, we show how to reformulate Problem OPT-MR to obtain an
easier-to-solve linear relaxation. We then develop a branch-and-bound-based algorithm that
finds e-optimal solution in the next section. We first reformulate Problem OPT-MR into
a 0-1 mized-integer polynomial programming problem P-MR. Then, we replace all the non-
linear terms and add the corresponding RLT constraints into the problem formulation, so as

to obtain a linear programming relazation of Problem OPT-MR, denoted as L-MR.
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5.5.1 Reformulation

As discussed, the objective function of Problem OPT-MR is a complex function of exponen-
tial terms of the [-variables. Our first goal is to reformulate these terms, which will simplify
the objective function and the constraints. Without loss of generality, we set 02 = 1 to
simplify notation. Note that o2 only affects the absolute value of distortion, but not optimal

routing selection.

In (5.9), there are four high order terms that need to be reformulated, namely, pj,, pg),

pdj and A. From their definitions in (5.5) and (5.8), we can rewrite the success probabilities
as: oo
pjm Mo {12y
pdj H{”}eg ff(l) a-1) (5.15)

Taking logarithms on both sides, we can convert the high order terms on the right-hand-side

(RHS) of (5.15) into summations of quadratic terms of the [-variables, i.e.,

log(pjne) = z{”}eg[ i log(pm)]
log(p})) = zmeg[“ (1= 1) - log(py)] (5.16)
log(p) = X pipee |1+ (1= 1) - log(py)]

Similarly, we can rewrite A according to (5.6) and (5.7) as

1 2
(M.

A= 1- 1] [1—1_7??] o (5.17)

aree L Pl
Letting ¢ = 1 — A and taking logarithms on both sides, we have
log(¢) = > [[ ) log(hy; )} (5.18)
{i,jre€

where h;; =1 — (1 — pi;)/(pij - lij) is a constant for all {i,j} € £.

Having simplified the high-order terms, we now deal with the resulting constraints of the

form y = log(\), as shown in (5.16) and (5.18). We can linearize this logarithmic relationship
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in a manner similar to the discussion in Section 4.3.1. Note that such polyhedral outer
approximations will be iteratively tightened during the branch-and-bound procedure (see

Section 2.3.2).

Substituting ¢, we can rewrite (5.9) as

( 1 2
T00 = Pjnt 'Péj) 'Péj) X

To1 + To0 = Pjnt -pf.;)

@ (5.19)
T10 + Moo = Pjnt * Pgj
| oo + o1 + 10 + 1 = 1,
and the objective function can be rewritten as
D = d o) d o) d
o0 - do + (Djne Daj To0) - d1 + (Pjnt Pgj Too) - do +
1 2
(1 + o0 — Dyt - DY — Pyt - B3). (5.20)

This reduces OPT-MR into an approximated 0-1 mized-integer polynomial programming
problem P-MR, with the objective being minimizing D in (5.20). The constraints of P-MR
include the original constraints (5.11)—(5.14), the reformulated constraint (5.19), and the
new constraints derived from reformulating the logarithmic terms (5.16) and (5.18) [in the

form of (4.19)].

5.5.2 Linearization

Although greatly simplified, Problem P-MR is still a polynomial programming problem,
which is NP-hard in general [94]. In this section, we linearize Problem P-MR by employing
RLT which involves variable substitutions and introducing linear RLT bound-factor con-

straints.

Consider a quadratic product term of the form (p((j;) . pg)). By introducing a new variable

20 = pg) -pf;), we can substitute the (p;) -pg)) terms in (5.19) and (5.20) with zp, thus

removing this quadratic term from the objective function and constraints. Assuming pgjl-)
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and pg) are each bounded as <p((1;)> < p((i;) < (p?) and (pfg)) p(2) < (pé?)
L U
respectively, we can add the following relational constraints, which are known as the RLT

bound-factor product constraints:

(- (2),
(10~ ()
(N
{168), 41

where {-} ¢ denotes a linearization step under the substitution zy = pgj) pd]). From the above

G

[ (2) (2
]' Paj — <pdj>L LSZ

relationships and by substituting zg = p((i;) . pg), we obtain the following RLT constraints for

20-

((, @ ()@ _ oY . (,®
(v4) X (p”) Py a0z (p“) (#5)

< dj I d] dj U dj dj I dj U
(b)), 2+ (05)), -2 =02 (8), - (47
dj U d] L d] 0= d] U d] L
(1) (2) (2) (1) (2)

k(pdj)U'pdj (o), o =< (), (),

By adding the linear RLT bound-factor constraints for z; into the problem formulation, we

can therefore replace the second-order term p( ) pg) with the linear term zy in (5.19) and

(5.20).

Similarly, we define new variables for all the remaining non-linear terms that are found
in the reformulated problem OPT-MR(p), including 21 = pjn: - pfi;), 2y = Djnt - pfij), and
z3 = 2o - ¢, and make substitutions in the same manner. We can then rewrite the objective

function (5.20) and constraints (5.19) as

D = o0 * d() + (Zl — 7T00) : dl + (22 - 7T00) : dg(l + Moo — 21 — ZQ) (521)
and
To1 + Too = 21
10 + Too = 22 (5.22)

Too + o1 + 710 + 711 = 1.
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Figure 5.4: Flowchart for the e-optimal solution procedure ALG(e).

The constraints derived from reformulating the logarithmic terms (5.16) and (5.18) [in the

— /Y. 7@

form of (4.19)] can also be linearized by substituting z;; = I;;” - I;;”, and by introducing the

corresponding linear RLT bound-factor constraints, for all {i, 5} € £.

As a result, we obtain a linear programming relazation Problem L-MR, which can be

solved in polynomial-time.

5.6 Branch-and-Bound based Solution Procedure

We now describe the details of the specialized branch-and-bound algorithm based solution
procedure, which we call ALG(¢e), that produces e-optimal solutions to the OPT-MR problem.
Figure 5.4 shows the flowchart of this algorithm. The iterative branch-and-bound algorithm
terminates with an e-optimal solution when either the lower bound for the original problem
is within € of the upper bound, i.e., LB > (1 —¢) - UB, or the problem list L is empty. The

operation of each step in ALG(¢) is described in the following.
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Initialization and Relaxation

We start by initializing the current “best” solution, denoted as 1*, with the solution
obtained as described below, and the current “best” upper bound U B as the objective value
obtained using this solution ). We first solve the relaxed problem L-MR to obtain a possibly
infeasible solution @Z, for the original problem. For example, due to the RLT relaxation, the
binary [-variables in ¥ could actually be fractional. If Y is already feasible to Problem
OPT-MR, we set 1) = 1& and then obtain a feasible solution in one iteration. Otherwise, we
apply a local search algorithm (will be described in Section 5.6) to obtain a rounded feasible
solution ¢ to Problem OPT-MR. If necessary, we can also perform a restricted search by
making a limited perturbation around the rounded feasible solution % in order to obtain
an even better solution. This can be achieved by incorporating a new constraint to the LP

relaxation,

) vy + >, (- Y& < h=1,2, (5.23)

(i.4): 9 =0 (i) =1
for some some integral deviation tolerance 7, h =1, 2.

That is, a feasible solution 1 is obtained by solving the root node of the branch-and-
bound tree and applying an efficient local search to the resulting solution. Due to the
properly designed RLT relaxations (see Section 5.5), the solution ¢ is highly competitive in

itself, and in many cases it achieves e-optimality.

Once ¢* is initialized, we then initialize the problem list L with the original problem,
denoted as PP(Q) (see Section 2.3.1). We denote the objective value obtained from the linear
programming relaxation LP () as the lower bound LB; for PP(2). Also, since this is the
only problem in the problem list, we initialize LB; as the current “best” lower bound LB

for the original problem, i.e., set LB = LB;.
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Node Selection

At every iteration, problem k (or the corresponding node in the branch-and-bound tree) that
has the minimum L Bj among all the problems k € L is selected. As discussed before, this
problem is indicative of the lower bound for the original problem. Subsequent operations of

local search, partitioning and bounding are performed on this problem k.

Local Search

As discussed in Section 2.3.2, the solution to the relaxation problem & that is selected in the
node selection step, is usually infeasible to the original problem PP(2). This is especially
true if the original problem involves binary variables (i.e., the I-variables could be fractions).
A local search algorithm should be used to find a feasible solution to the original problem

starting from the infeasible lower bounding solution.

Let ¢ be the infeasible (or fractional) solution obtained by solving the LP relaxation
of the original problem. Starting from this fractional solution, we solve for h = 1,2 the
following shortest path problem:

Minimize Y (—I{) - I\ (5.24)

{i.jte€
subject to the flow constraints. Note that for an optimization variable y, y denotes its value
in the infeasible solution 7,& Solving these shortest path problems provides us with a rounded
heuristic solution 7/ that has a tendency to round up relatively higher-valued components of
zﬁ and round down relatively lower-valued components. The distortion value of the rounded

solution v is an upper bound for this subproblem, i.e., UB,.

Partitioning

The objective of the partitioning step is to find the branching variable that will enable us to

split the feasible solution space €2 of problem k into two solution sub-spaces €2, and €2,. In
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ALG(e), we need to consider three classes of optimization variables for partitioning, i.e., the
binary [-variables, the substitution variables (e.g., o), and the the logarithm substitution

terms [e.g., ¢ in (5.18)].

When partitioning based on the I-variables, we need to select a variable that will offer
the highest gain in terms of improving the objective value. For this purpose, we should
choose the [-variable which is factional and the closest to 0.5. A strategy that works well
is to first find the index variable pair {Izg-l),lg)}, for all {i,j} € £ that gives the largest
discrepancy between the RLT substitution variable Z;; and the corresponding non-linear

product (fi(J-l) : ]AI(JQ ) ) (see Section 5.5.2). We then choose Ii(jl) or ]Z(JQ ) to partition the problem

(by fixing it to 0 or 1) depending on which variable is closer to 0.5. We break a tie arbitrarily.

In addition to the I-variables, we also need to examine branching decisions based on the
substitution variables such as zg = pg}) : pg). For such variables, we first find the maximum
relaxation error between the substitution variable and the corresponding product term, say,

|}52) : ﬁg) — Zp|. We then verify whether the following condition is satisfied.

(1) 1) < ra(1) 1) 1) (1)
69), - ()] wins - (), 68), -1
(2) (2) < ra(2) (2) (2) ~(2)
|:(pdj )U - ( dj >J 'mm{de - ( dj >L7 (pdj >U — Dgj }-

If this condition holds true, we partition the solution space €2 of problem k into two
new regions €2, and €),, by dividing the range [(p(%)) ,(p?) } into two subregions
L U

[(pfl;)) , ]3(%)] and [ﬁ%), (p?) } Otherwise, we partition €2 by dividing
L U

(2 (2) : (2) ~(2) ~(2) (2)
[(pdj )L7 (pdj >U] nto [(pdj )L Py } and [de ’ (pdj )U:|

Finally, the branching decisions also include the logarithm substitution terms, e.g., ¢ in
(5.18). In such cases, we first find the variable that gives the greatest discrepancy between
the logarithm value, say, log(¢) and the RHS of the corresponding substitution [e.g., (5.18)]
among all such terms, and then either bisect the interval of this variable (e.g., [(¢); . (¢),])

evenly, or divide this interval at the point ¢.
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Bounding

In the bounding step, we solve the RLT relaxation for the two sub-problems identified in
the partitioning step, and obtain their corresponding lower bounds LBy, and LBy,, thereby
updating the incumbent lower bounding solution. The corresponding upper bounds, i.e.,
UBy, and UBy,, are obtained by applying the local search algorithm starting from the
relaxation solutions obtained, and the current LB and UB values for the original problem

PP(€2) are updated according to (2.4). If any of the following conditions
(1—¢)-UB> LBy, and (1 —¢€)-UB > LBy,

are satisfied, we add the corresponding problem into the problem list L, and remove problem

k from the list.

Fathoming

For any problem k in the problem list L, if LBy > (1 —€) - UB, then the sub-space corre-
sponding to this problem does not contain any solution that improves beyond the e-tolerance
of the incumbent solution. Therefore, we can prune this problem from the problem list, such

that the computation time can be reduced.

5.7 Simulation Studies

In this section, we present simulation results for the proposed solution procedure to the
cross-layer optimization problem. The simulation study consists of two parts. In the first
part, we will examine the convergence behavior of the proposed solution procedure. In the
second part, we will demonstrate the performance advantage of the proposed cross-layer

approach over a non-cross-layer approach.

Throughout our simulation study, we consider a multi-hop wireless ad hoc network de-
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Table 5.2: Performance of the proposed algorithm (e = 0.01)

Number of Nodes Mean Computation Time(sec) Variance

20 0.090 0.005
30 0.242 0.139
20 0.699 0.200
100 5.171 2.714

ployed over a rectangular region, where the connectivity between the nodes is determined by
the distance between nodes’ transmitter. The size of the area depends on the network size
(total number of nodes) and will be described when we introduce the specific network. The

source node s and destination node t are chosen randomly from the nodes in the network.

At the link level, we associate each link with a failure probability, available bandwidth,
and mean burst length (for packet loss). Specifically, we associate each link with a failure
probability, taken uniformly between [0.01,0.3]; we associate each link with an available
bandwidth, taken with equal probability from the set [100, 150, 200, 250, 300, 350, 400] Kb/s;

the mean burst length at each link is chosen uniformly between [2,6].

For our solution procedure, we set € = 0.01 (or 1%), which will be adequate for most
application requirements in practice. We implement the proposed solution procedure in C

program and use the LINDO API 3.0 for solving the LP relaxation problem.

5.7.1 Convergence Behavior

We first examine the convergence behavior of the proposed solution procedure for different
network sizes and topologies. Table 5.2 shows the convergence time performance for 4
network sizes (20, 30, 50 and 100 nodes) with e = 0.01 and description rates Ry = Ry = 320

Kb/s. For each network size, we generate 100 topologies and run 100 computations to
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obtain the mean and variance of convergence time. The rectangular region for 20-, 30-, 50-,
and 100-node networks are 300m x 300m, 400m x 400m, 500m x 500m, and 1000m x 1000m,
respectively. The transmission range for each node is assumed to be 150m. The computation
using our proposed solution procedure was run on a standard desktop PC with Pentium-4

2.4 GHz processor and 512 MB memory.

As shown in Table 5.2, the computational time for convergence to ¢ = 0.01 is very
fast (with average less than 1 second) for small to moderate sized network. Even for 100-
node network, the average convergence time is only 5.171 second. With a high performance

processor, we expect this time will be further reduced.

We notice that for most experiments, the algorithm converges very quickly and finds
e-optimal paths. To see the iterative convergence behavior of our solution procedure, we
intentionally pick an experiment (from 100 experiments) with a convergence time longer
than the average. Figures 5.5 and 5.6 show such instances for the 50-node network and
100-node network, respectively. For this particular 50-node network, the gap between upper
bound UB and lower bound LB converges to € = 1% (i.e., LB > 99% - UB) after the 57th
iteration within 1.87 second. As expected, the gap between LB and UB is strictly non-
increasing with the number of iterations. Similarly, for this particular 100-node network,
the solution procedure converges to ¢ = 1% after the 39th iteration within 9.26 second.
Figures 5.5(b) and 5.6(b) show the final optimal paths obtained by our solution procedure
for the 50- and 100-node networks respectively.

5.7.2 Impact of Description Rates

In this section we study the performance of the proposed algorithm by varying the encoding
rate of the video descriptions. Figure 5.7 presents the computation times of ALG(e) for two
different network topologies: a 50-node and a 30-node network. The video description rate is
increased from 64 Kb/s to 320 Kb/s, in steps of 64K b/s. The computation time required by

ALG(e€) to obtain the e-optimal solutions depends on the number of subproblems examined
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Figure 5.5: Convergence behavior and final optimal solution by the proposed solution pro-

cedure for a 50-node network.
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Figure 5.6: Convergence behavior and final optimal solution by the proposed solution pro-

cedure for a 100-node network.
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Figure 5.7: Impact of description rate R on ALG(e) computation time.

(or nodes in the corresponding branch-and-bound tree), before the algorithm terminates.
It can be seen that the number of nodes that are examined generally increases with the

description rate.

In Figure 5.8, we plot the distortion achieved by the proposed algorithm for different
description rates. The same 50-node networks is used. We also vary the link failure proba-
bilities [i.e., (1 —p;;)]: (i) in the LR1 case, the link failure probabilities are uniformly chosen
between [0.01,0.1], and (ii) in the LR2 case, the link failure probabilities are uniformly chosen
between [0.01,0.3].

Note that video distortion is computed against the original raw video. As a result, there
will be two types of distortion in a reconstructed video: (i) distortion due to the lossy video
coder, and (ii) distortion due to transmission errors. In Figure 5.8, as expected, distortion
generally decreases with increased description rates in both cases. This is because the higher
the description rate, the smaller the distortion due to the coder. We also observe that the
reduction in distortion slows down, and the discrepancy between the two curves increases

for further increases in R. This is because for a large R, there will be fewer links eligible
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Figure 5.8: Impact of description rate R on average distortion obtained by ALG(e).

for routing due to insufficient available bandwidth. ALG(e) may be forced to choose high
loss rate links (having a sufficiently large b;;) in these cases, which diminishes the benefits
gained at the coder due to the increased rate. Such diminishing effect is more obvious in a

high loss network (LR2) than in a low loss network (LR1).

5.7.3 Comparison with Non-Cross-Layer Routing

In this section, we compare our cross-layer routing approach with a popular non-cross-layer
approach. For the latter, we consider the k-shortest path (SP) routing algorithm [31], with
k = 2 or 2-SP for double description video. We use hop count as the routing metric in the

2-SP algorithm.

Distortion Comparison

Table 5.3 compares the mean distortion achieved using our ALG(e) and 2-SP for 4 network

sizes (20, 30, 50 and 100 nodes) with € = 0.01 and R = 320 Kb/s. Again, for each network
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Table 5.3: Average distortion values for different network sizes (e = 0.01)

Number of Nodes ALG(e) 2-SP

20 0.515  0.589
30 0.516  0.591
20 0.508  0.635
100 0.512  0.575

Table 5.4: Average PSNR values(dB) for different network sizes (¢ = 0.01)

Number of Nodes ALG(e) 2-SP

20 28.735  19.656
30 27.313  17.203
50 31.865 17.033
100 29.809  20.418

size, we generate 100 topologies and run 100 computations to obtain the mean distortion.
As shown in Table 5.3, the distortion values under our cross-layer algorithm are consistently

smaller than those under the 2-SP (non-cross-layer) approach.

Video Quality Comparison

We now encode a video sequence in order to transmit the double description video over the
network, and compare the video quality at the receiver (measured using PSNR) under our
cross-layer approach and the 2-SP approach. There are many ways to generate MD video
(see [114]). We chose a time-domain partitioning coding scheme, where two descriptions are
generated by separating the even- and odd-numbered frames and encoding them separately.

This simple time-domain partitioning method is widely used in many video streaming studies
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Figure 5.9: Average PSNR values for different description rates.

[6,12,16,71]. An H.263+ like codec is implemented to generate the two descriptions. This
codec encodes the video sequence into two balanced descriptions (i.e., Ry = Rs). The
QCIF sequence “Foreman” (400 frames) is encoded at 15 fps for each description. A 10%
macroblock level intra-refreshment is used. Each Group of Blocks (GOB) is carried in a
different packet. When a GOB is corrupted, the decoder applies a simple error concealment

scheme by copying the corresponding slice from the most recent, correctly received frame.

Table 5.4 lists the average PSNR performance achieved using our ALG(¢€) and 2-SP for
4 network sizes (20, 30, 50 and 100 nodes) with ¢ = 0.01 and R = 320 Kb/s. We find that
the average PSNR values obtained using ALG(¢) are much higher than those obtained using
2-SP algorithm. This is consistent with the results obtained for distortion comparison shown

earlier.

We now vary the rate of each video description from 64 Kb/s to 320 Kb/s for the 50-node
network and compare the PSNR performance under our cross-layer approach and 2-SP. This

result is shown in Figure 5.9.

Note that as the description rate R increases, more links will become ineligible during



500
N >
*
t
*
*
*
%
%
**
*
* *
* *
. X *
* * .
o x * x
500
(a) 64Kb/s
500 —
*
*
*
*
*
* *
* *
*
* X
* * *
o x * %
500

(c) 192Kb/s.

500

500

122

500

S

(e) 320Kb/s.

Figure 5.10: Examples of paths obtained by ALG(e) and 2-SP for different description rates.
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path selection process. Again, we find that our cross-layer approach provides higher PSNR
over the 2-SP approach under all description rates. In Figure 5.10, we use specific example
to illustrate the difference in paths chosen by our cross-layer approach and the 2-SP routing

algorithm.

To illustrate the quality of video frames, we plot a sample video frame from the the
original video in Figure 5.11(a) and compare it to the reconstructed video frames under our
ALG(e) and 2-SP for R = 128 Kb/s and R = 256 Kb/s, respectively in Figure 5.11(b)-(e).
The frames under ALG(¢€) have a visual quality very close to the loss-free frame, while the

frames under 2-SP are barely recognizable.

5.8 Related Work

Multipath routing has been a topic of active research over the years. For example, various
polynomial time algorithms have been proposed to compute k-shortest paths [31]. Other
important works include, node- or link-disjoint paths [82,96], and braided multiple paths
[74]. There exists many routing protocols, even in the wireless domain that are capable
of multipath routing [118]. However, most of these algorithms do not explicitly consider
optimizing performance at the application layer. It is not hard to see that these routing

algorithm may not yield optimal performance for video applications.

Cross-layer design for wireless networks has also received much attention in the context
of data and video applications [25,28,63]. Typically, such designs consider jointly optimizing
two or more of the following: power control, MAC, routing, scheduling and source coding, in
order to make use of the network resources efficiently. Theoretical optimization formulations
tend to benefit from some of the commonly used assumptions that the objective function
is strictly concave, non-decreasing and continuously differentiable [63]. However, in this
chapter, we show that when modeling the user perceived video quality as a function of

network parameters, the objective function is considerably more complex and does not follow
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(a) Original.

(d) ALG(e), 256 Kb/s. (e) 2-SP, 256 Kb/s.

Figure 5.11: Frame 278 from the reconstructed video sequences (R = 128 Kb/s,256 Kb/ s).
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these earlier assumptions.

The problem of path selection for MD video has recently been explored in [6, 12, 66].
In [6], Apostolopoulos et al. presented several MD surrogate selection algorithms to provide
guidelines on selecting double description (DD) video servers in a content delivery network.
In this work, although DD servers are selected such that video distortion is minimized, the
problem of finding optimal paths to the servers has not been explicitly addressed. In [12],
Begen et al. studied the problem of path selection for DD video in the context of overlay
networks, where path selection is formulated as an optimization problem that minimizes
video distortion. The problem is solved by an exhaustive search over the exponential solution

space.

5.9 Summary

In this chapter, we studied the problem of how to route MD video over multi-hop wireless
networks with the objective of optimizing the application layer performance. We formulated
this problem into an cross-layer optimization problem with an application performance met-
ric as the objective function and routing and link layer considerations as constraints. We
developed a formal RLT-based branch-and-bound solution procedure and showed that this
solution procedure is able to produce a set of routes whose objective is within € from the op-
timal objective function value. Simulation results demonstrated the efficacy of the proposed
solution procedure. The results in this chapter contribute to the theoretical foundation of

complex cross-layer problems associated with video communications in wireless networks.



Chapter 6

Implementation Considerations

In this chapter, we discuss how our proposed cross-layer routing algorithms can be imple-
mented in a multihop wireless networks. At the highest level, each of the proposed algorithms
is a link-state algorithm (like Dijkstra’s algorithm) that requires topology and link statistics
information. Computation to find a set of paths (one or more for each source-destination
pair) can then be performed at a source node in order to transport the video sessions to the
destination. Once the set of paths are computed, source routing (i.e., specification of nodes
along the path in the packet header) can be used to forward the video packets for each video

description.

6.1 General Approach

Existing routing protocols can be roughly categorized as proactive, whereby a consistent
and up-to-date view of the network topology is always maintained, and reactive, whereby
route discovery is performed on-demand. We believe that our proposed cross-layer routing
algorithms are most suitable to be implemented within the proactive routing paradigm.

Our choice is motivated by the following considerations. First, it is necessary to make
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quick routing decisions whenever a new video request arrives. The readily available route
information under a proactive paradigm is well suited for this purpose, which can reduce
session initiation delay for real-time multimedia applications. Second, for many applications
(e.g., search and rescue), it is highly desirable to maintain an accurate network topology and
link state information at an ad hoc node for administrative purposes. In this sense, a link

state protocol can readily provide such information.

Proactive link state routing protocols are quite successful in IETF standardization. In
fact, two of the three existing RFCs for MANET routing, i.e., OLSR [23] and TBRPF [79],
follow the link state paradigm. It has been shown that the overhead associated with main-
taining a link state database can be effectively minimized by either using Multipoint Relays
(MPR), as in OLSR, or by reporting partial topology information in the LSAs and using “dif-
ferential” HELLO messages that report only changes in neighbor status, as in TBRPF. Our
initial distributed implementation experience [110] shows that, with proper design extension
and changes, proactive protocols can be used to build and maintain a link state database
for developing a distributed implementation for the various cross-layer routing algorithms

proposed in this dissertation.

Since an effective cross-layer routing operation requires the knowledge of a set of end-to-
end paths, at the core of distributed implementation are efficient means to build and maintain
network topology and link statistics databases at each node. We find that we can develop
such a distributed implementation by building it on top of an existing MANET routing
protocol framework such as OLSR. Once the topology information is available, we can simply
replace the link state routing engine (shortest path routing) in OLSR with our proposed
cross-layer algorithms, either using the GA-based approach as discussed in Chapter 3 or the

specialized branch-and-bound based algorithms discussed in Chapters 4 and 5.

Once the paths are computed, the next question is how to establish these paths for a
video session. This could be done with source routing, in which each data packet carries the

entire path in the packet header [52]. Each intermediate node forwards a packet to the next
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hop node based on the path information carried in the header. With source routing, there
is no need to maintain routing tables at intermediate nodes. This approach is particularly
suitable for small and medium-sized networks. When network size increases, the overhead
incurred by carrying paths in the packet could be high. Consequently, a technique such
as soft flow states [48] can be used to minimize such overhead in the packet header. With
soft flow states, only the first packet contains the full path information. As the first packet
travels from source to destination, the flow state mechanism allows each intermediate node
to record the address of the next hop along this source route. Subsequent packets from the
same flow may then be forwarded along the same route without the need to carry the same
source routing information in the packet. Such per-flow state will be refreshed by a new

packet belonging to the same flow, and will expire after a timeout period.

6.2 Wireless Node Architecture

Before we delve into the specifics of distributed routing protocol, we present a node archi-
tecture for possible implementation, as shown in Figure 6.1. We briefly describe the key

modules in the node architecture.

6.2.1 Topology Database

As with any link state routing protocol such as OLSR (see Section 6.3.1), our implementation
distributes network topology information by periodically broadcasting link state advertise-
ments (LSA) to the entire network. In order to reduce the control traffic overhead, we shall
use a multipoint relaying technique [23], which is known to minimize the flooding of control
messages. An LSA is periodically sent by each node to declare its MPR selector set, i.e.,
the list of neighbors who have selected the sender as their multipoint relay, along with any
relevant addressing information. This information will help each node in the MANET to

build its topology database.
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Figure 6.1: Wireless node architecture.

6.2.2 Link Statistics Database

Each node detects its neighbor nodes by periodically broadcasting HELLO messages contain-
ing information about its neighbors and their link status. Each node continuously measures
the link metrics, such as bandwidth, loss rate, and delay. Several effective algorithms for
such measurements, e.g., those proposed in QOLSR [8], can be used for this purpose. When
a node receives an LSA, it examines the message and extracts new link state information.
Then, newly-learned links, as well as their metrics, are pooled in a link state database, which
contains the learned topology of the wireless ad hoc network and the metrics of every learned
link. Using a sequence number, we make sure that a stale item is always overwritten by a

newer item, making the link state database up-to-date.
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6.2.3 Cross Layer Optimization Module

The applications in the data plane are associated with specific QoS requirements. When an
application, say, video streaming, is initiated by the user at a particular node, these QoS
requirements are fed into the cross-layer optimization module in the control plane. The
routing engine in the control plane utilizes the topological and statistical information that
is maintained by the node in the various databases, and computes optimal routes for the
video application. This routing information is then fed back to the network layer services in
order to establish the routes. Once the set of paths are found, source routing is employed to

establish the routes and forward video packets related to the specific application.

When a node is neither a source nor a destination in a MANET, it simply acts as a relay

node by forwarding the video/data packets to the next hop node in the path.

6.3 Routing Protocol Implementation

We propose to build our cross-layer routing algorithms on top of the so-called proactive
routing protocols, such as Optimized Link State Routing (OLSR) protocol [23]. Due to
its proactive nature, OLSR maintains an up-to-date global network topology information
in its link-state database. For QoS routing, each node locally measures the link statistics
and distributes them by controlled flooding of LSAs. In OLSR, such messages are called
Topology Control (TC) messages [8]. In this section we present a brief introduction to
OLSR, and explain how we can take advantage of some of the proven ideas in OLSR, and
develop a distributed routing protocol based on the cross-layer routing concepts proposed in

this dissertation.
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Figure 6.2: OLSR packet header.

6.3.1 OLSR

OLSR is a table-driven proactive link state routing protocol developed for MANET. It em-
ploys periodic exchange of messages to maintain topology information of the network in
various databases at each node. Specifically, OLSR uses the following databases: Multiple
Interface Association Information Base, Link Set, Neighbor Set, 2-hop Neighbor Set, MPR
Set, MPR Selector Set, Topology Information Base and Duplicate set. These databases are
registered with timeouts to determine the validity of the information. Figure 6.2 shows the

various fields in an OLSR packet along with their field lengths.

OLSR uses an optimized technique called multipoint relaying to preserve bandwidth and
to disseminate network topology information, by reducing duplicate retransmissions while

forwarding a broadcast packet. Only node(s) selected as MPR forwards control traffic,
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Figure 6.3: Comparison of standard flooding and MPR broadcast.

thereby reducing the number of transmissions required. This way, control messages are
flooded efficiently by the network of MPRs. Multipoint relays are selected among the one hop
neighbors with a bi-directional link. Therefore, selecting a route from a source to destination
through multipoint relays automatically avoids the problems associated with packet transfer

on uni-directional links (such as receiving acknowledgments).

Every node selects its own set of MPRs from a subset of its symmetric neighbors so that
all two-hop neighbors can be reached through an MPR. Nodes announce their willingness
to act as MPRs for its neighbor. Through the use of HELLO messages, such willingness
is spread and considered during the MPR selection phase. Figure 6.3(b) shows how such
MPRs are selected around a node. When compared with standard flooding, as shown in
Figure 6.3(a), it can be seen that by selecting MPRs efficiently, the flooding of the control
messages can be greatly reduced. A jitter is introduced in message forwarding to avoid
radio collisions due to synchronized forwarding. Once selected, MPRs declare their status
periodically in control messages along with the link state information of the neighbors. This

way, the current network topology is maintained at each node in the MANET.

HELLO, TC (Topology Control), and MID (Multiple Interface Declaration) are the three
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basic types of control messages defined by OLSR. HELLO messages are sent on regular
intervals to detect all one hop neighbors to achieve link sensing, neighbor sensing, two-
hop neighbor sensing and MPR selector sensing. These control messages are transmitted
to all one hop neighbors in broadcast mode, but are not relayed any further. Topology
messages (TC) are flooded on regular intervals using MPR, optimization to the network with
information about a node’s local links. A TC message is also generated when changes are
detected in the MPR selection set. A sequence number is associated with each packet in the
packet header in order to avoid loops. That is, a packet is not retransmitted if its sequence

number is less than or equal to the last registered packet from the sender.

6.4 Summary

In this chapter, we presented an implementation architecture for our cross-layer routing
algorithms, by leveraging some of the proven ideas of an existing proactive MANET routing
protocol framework like OLSR. Since the topology information is readily available at each
node, we can simply replace the link state routing engine (shortest path routing) in OLSR
with our proposed cross-layer algorithms. We also presented a wireless node architecture

that facilitates our cross-layer optimized routing implementation.



Chapter 7

Summary and Future Work

7.1 Summary

Multihop wireless networks offer great potential in situations where traditional communica-
tion infrastructure is either expensive or time consuming to deploy. The demand for such
networks has been recognized not only by the military, but also for civilian applications
such as wireless emergency networks, voice and video communications for first responders
in disaster relief, environmental and biometric sensor networking for homeland security, to

name a few.

The primary focus of this dissertation has been to identify and address key challenges
that are facing video communications over multihop wireless networks. Following the re-
view of two types of global optimization techniques, we address three important problems:
concurrent routing, path selection and rate allocation, and multipath routing for multiple de-
scription video. In concurrent routing, we focused on modeling the inter-session interactions
that couple the performance of an individual flow with that of other concurrent video ses-
sions. Path selection and rate allocation refers to the problem of not only selecting the best

set of paths for video communication, but also, computing the optimal rate and partition-
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ing it among the chosen set of paths. In studying multipath routing for multiple description
video, we show that MD coding when used in combination with multipath routing in wireless

networks has tremendous advantages over traditional layered video coding techniques.

In each of the three problems, our research effort demonstrated that substantial im-
provement in video quality can be achieved by employing a cross-layer design approach that
factors in video quality (at the application layer) into routing algorithms at the network
layer. In each case, we formulated an application centric cross-layer optimization problem

that minimizes video distortion as a function of network and link layer behavior.

Since video distortion is a highly complex function of multiple layer metrics, we recog-
nized early on that specialized algorithms would have to be developed in order to solve such
complex nonconvex problems. Therefore, we resorted to two types of global optimization
techniques. We developed a GA-based solution approach for the concurrent routing problem
and showed it to be highly suitable for such complex nonconvex optimization problems. The
strengths of the GA-based approach were highlighted when compared with other trajectory
based metaheuristics such as simulated annealing and tabu search, as well as in compar-
ison with traditional network centric routing schemes such as shortest path and disjoint
shortest path routing. However, the quest for finding an optimal solution led us to develop
a specialized branch-and-bound algorithm for solving the complex cross-layer problems to
global optimality. This was achieved by reformulating the nonconvex problems, constructing
tight linear programming relaxations by using logarithmic convexification and RLT-based
inequalities, and then embedding this RLT construct into a branch-and-bound algorithm.
The nonlinear optimization techniques developed in this dissertation can be used to solve
a broad class of cross-layer problems, and we hope that the investigations presented in this

dissertation opens doors for future cross-layer research in multihop wireless networks

Finally we presented a distributed implementation architecture for our proposed cross-
layer routing algorithms. We described the key modules and discussed efficient means to

build and maintain network topology and link statistics information at every node in the



136

network. Our strategy is to take advantage of some of the proven insights of proactive routing
protocols such as OLSR, and show that with proper design extension such as source routing
and other changes, we can adapt the existing proactive routing paradigm into incorporating

our cross-layer designs.

In conclusion, the unique and demanding characteristics of multihop wireless networks
call for design changes that look beyond the conventional layering philosophy. As described in
this dissertation, large gains could be achieved when cross-layer strategies are incorporated.
This cross-layer design principle shows a great deal of promise, and our research will have

an impact on video communications over multihop wireless networks.

7.2 Future Research Direction

As it stands, the problem of multipath routing for multiple description video is formulated
based on only a single source-destination pair. Since the importance of concurrent routing
has already been established, we plan to extend the analysis as well as the solution algo-
rithm to include video communication for multiple source-destination pairs. This would add
significant complexity to the problem formulation, and increase the number of binary vari-
ables by an order of magnitude. Therefore a specialized solution procedure might have to be
developed in order to solve this extended problem. This specialized algorithm would need

to take advantage of any special structure that the new problem might reveal.

Another research direction is to extend the cross-layer routing algorithms for video com-
munication presented in this dissertation to incorporate the idea of performing routing deci-
sions in the presence of inaccurate or uncertain (stale) topology or link statistics information.
For example, uncertainties may arise in the parameters advertised by the links, such as band-
width, path loss probability etc., This is even more true in highly dynamic networks where
changes are frequent. Our goal in this situation would be to identify paths that are most likely

to minimize the application layer performance objective and satisfy the QoS requirements.
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With the advent of software-defined radio technology [87] and the inadequacy of FCC’s
current fixed bandwidth policy, future multihop wireless networks would have to be spec-
trum agile. Recent FCC studies show that most of the fixed allocated spectrum blocks are
used sparsely in the spatio-temporal domain, while the remaining useful spectrum available
for newer wireless services is being depleted. These observations have prompted a dynamic
spectrum access approach, where wireless devices are allowed to sense and identify currently
unused spectrum blocks for communication, without causing interference to the primary al-
located user. Since there is no statically allocated fixed spectrum for use in shared spectrum
networks, each node must individually detect the white bands (allocated spectrum blocks
that are not currently in use) for communication, and there may not exist a common fre-
quency band shared by all the nodes in the network. Video communication over such shared
spectrum networks brings with it a completely new set of challenges. For example, when
interference power exceeds certain threshold (as defined based on the specific spectrum block
as well as the specific application), the video application degrades in performance. When
this degradation becomes significant (referred to as outage), one of two corrective measures
can be taken. Either the network layer reacts by identifying an alternate path for video,
or the physical layer can try to restore communication by identifying an alternate spectrum
block to transmit over. One of our future research directions is to focus on theory, algorith-
mic development and implementation to understand and mitigate such challenges associated
with enabling video communications over multihop wireless networks with programmable

radios.



Appendix A

Other Metaheuristic Algorithms

Trajectory methods refer to the class of metaheuristics where a single solution is maintained
throughout the iterative search process. They are called trajectory methods because the
search process performed by these methods is characterized by a trajectory in the search
space. Representative trajectory methods include Basic Local Search (LS), Simulated An-
nealing (SA), Tabu Search (TS), Greedy Randomized Adaptive Search Procedure (GRASP)
and [lterated Local Search. All of these trajectory schemes are variations of local search
(LS) methods, but they incorporate certain forms of diversification or randomization mech-
anisms to overcome the weakness of LS. For example, SA adopts a strategy to accept a
non-improving solution with a decreasing probability, while T'S uses the memory of search

history (a tabu list) to guide the search process to avoid being trapped in local minima.

An important issue for trajectory methods is how to define a neighborhood structure, i.e.,
how to perturb the current solution to create a new solution in the neighborhood. We use the
following neighborhood structure in the implementations of SA and TS. First, we randomly
choose a path from the current solution = [Py, Pa, P3|, say, P1. Then, we randomly pick
a link {gx, grr1} € Py, and use a random construction method to find an alternative path
(more than one hop) from gx to gri1, Say, gk, gr, ger1- Thus, a new path Pj is created by

replacing link {gx, gx11} in the original P;, and the new solution is [Py, P, P3]. This process

138



139

S Ok Ok+1 t

Figure A.1: Neighborhood structure used in SA and TS implementation.

is illustrated in figure A.1.

A.1 Simulated Annealing

Simulated Annealing was developed in the 1980’s to dela with highly nonlinear problems. It
is motivated by the way in which a metal cools and freezes into a minimum energy crystalline
structure (annealing process) [1]. When SA explores the solution space, it accepts a non-
improving solution with a probability, which decreases with iterations. This probabilistic
acceptance function is inspired by the Boltzmann distribution from statistical mechanics
and is shown here:

1, if D(z) < D(7)

|D(@)—

PT{J_Z — Jj} = eXp{—iD(E)I} otherwise
ck ’ ’

(A.1)

where ¢ is a control parameter analogous to temperature in a physical system, ¥ is the
current solution, and & is a perturbation of Z(using the neighborhood structure defined
before). The fashion in which ¢ is manipulated is called the cooling schedule. The following

cooling schedule is used in our experiments [1]:

1. ¢ = 1. ie., nearly all transitions will be accepted at the beginning of the search

process;

2. Cpy1 = W - ¢ i.e., the control parameter is decremented every time when a non-
improving solution is accepted, and remains at each value for a sufficient time for the

system to “return to an equilibrium.” w is the decay coefficient.
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Algorithm SA

T « GeneratelnitialSolution()

C < C
while termination conditions not met do
& « PickAtRandom (N (7))
if D(2) < D(Z) then T <+ &
else Accept & with probability given in A.1
endif
Update ¢ according to the cooling schedule
endwhile

Figure A.2: Simulated Annealing algorithm

Algorithm TS

T « GeneratelnitialSolution()

TabuList < ()

while termination conditions not met do
& + ChooseBestFrom(N (Z)\TabuList)
Update T'abuList

endwhile

Figure A.3: Tabu Search algorithm

The algorithm for SA is given in Figure A.2, where N (Z) denotes the neighborhood of

solution Z.

A.2 Tabu Search

Compared with SA, Tabu Search (see Figure A.3) explicitly uses the history of the search,
both to escape from local minima and to implement an exploratory strategy. Specifically, T'S
uses a tabu list, implemented using a First-In-First-Out queue, to prevent from returning to
recently visited solutions, therefore avoiding endless cycling and possibly forcing the search
process to accept even non-improving solutions [40]. An explored solution is always inserted

at the tail of the queue, while if the queue is full, the head of the queue is removed.
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