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Abstract

Interactive television (ITV) is an attractive technology, which changes the
way TV viewers experience home entertainment. In this thesis, we design an
interactive television system, which truly gives TV viewers freedom to control
and individualize the presentation of TV program content. In this context,
we present methods that add extra video and audio streams (called incidental
streams) containing interactive content, to the transmission line of a digital
TV system. The addition of these extra streams does not result in increasing
the transmission bandwidth, nor in degrading the picture or sound quality of
the main TV program content.

Our design consists of two major transmission mechanisms for trans-
mitting the incidental data, called deterministic and stochastic service classes.
The deterministic service class is designed such that no incidental stream data
packet is lost during transmission. On the other hand, the stochastic service
class is designed such that some incidental data loss is possible; however, the
data loss rate is bounded. We present a strategy based on scalable video cod-
ing, which in conjunction with the deterministic and stochastic service classes,
achieves the best possible picture and sound quality for the incidental streams
under the constraint of available bandwidth.

We also present data transmission methods for the deterministic and the
stochastic service classes. In the context of the deterministic service class, we
employ a deterministic traffic model for modelling the traffic of main streams,
and then design a data transmission scheme based on the ‘Network Calculus’
theory. In the context of the stochastic service class, we employ Hidden Semi-
Markov Models (HSMM) for modelling the traffic of main streams. We then
design a data transmission scheme based on the ‘Effective Bandwidth’ theory.

Furthermore, we design a data multiplexing system for the transmit-
ter head-end of the proposed interactive TV system. This includes a novel
scheduling algorithm for controlling the multiplexing of incidental and main
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streams data packets.
We present numerical results of simulation experiments, which support
the theoretical methods presented in this thesis.
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Chapter 1

Introduction

Transport of the mails, transport of the hu-
man voice, transport of flickering pictures-in -
this century as in others our highest accom-
plishments still have the single aim of bringing
men together.

- Antoine de Saint-Exupery (1939)

ELEVISION systems are migrating to digital technology. More Digital
Television (DTV) systems are being deployed around the world everyday.
This change is creating an incredible technological revolution in the entertain-
ment industry. The new DTV technology not only delivers crystal clear picture
and superior sound quality, but also allows new services to be added to TV pro-
grams. These add-in services enhance the TV viewer’s experience by adding
extra features or content to TV programs. For example, the presently avail-
able Electronic Program Guide (EPG) (see Figure 1.1) is an add-in service for
DTV systems. EPG lists the programs that are or will be available on each
TV channel, plus a short summary or a commentary for each program.
Interactivity is the most attractive enhancement promised to be added
to digital TV systems. However, the concept of ‘interactivity’ for TV is not
clearly defined, and the term ‘Interactive TV’ has been used for many different
TV systems with many different features. For example, Video-On-Demand
systems and TV systems with VCR-like functionality are occasionally referred
to as ‘Interactive TV.” In Video-On-Demand systems, viewers select a movie
or TV show from a library, and that movie is played back on their TV. In TV
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Figure 1.1: Screen shot of an Electronic Program Guide, EPG. EPG lets you
search, navigate, and find out what’s on your TV, all while watching TV.

systems with VCR-like functionality, TV viewers can pause or rewind a live TV
show, or save a TV show to watch later. This system is commercially available
now. Today, ‘Interactive TV’ mostly refers to the so-called * Enhanced TV’
system defined by the Advanced Television Enhancement Forum (ATVEF) [2].
ATVEF is an industry alliance of many major companies. The goal of this
forum is to standardize HTML enabled TV systems. With the Enhanced TV
technology, a web page is displayed alongside a TV picture (see Figure 1.2)
on the TV screen. Viewers surf this web page using their remote-controls to
get more information about the program, do e-shopping, and so forth. There
are two scenarios for sending the web page content. In the first scenario, the
web page contents are seamlessly inserted into the broadcasted TV signal. In
this scenario, no Internet connection is required. However, the size of the
inserted web data is limited, and users are limited to the inserted web pages.
In the second scenario, an internet link is inserted into the TV signal. This
link is used by the receiver set-top box to download the web page content
via an Internet connection. The ‘Enhanced TV’ system is now commercially
available (e.g., Microsoft WebTV®), and many TV shows are currently using
this service.



TV picture

Internet
Links
Promotional
Internet links
Web page
contents

Figure 1.2: Screen shot of an Enhanced TV. Enhanced TV lets you view extra
HTML based information about the current TV program, or surf the Internet,
while watching TV

Thus, current interactive TV systems are limited to providing World
Wide Web content. This content is mostly composed of texzt or still pictures.
Besides, user interactions in current interactive TV systems are limited to
web-surfing-like actions, such as menu selection, typing a URL, and so on.
Actually, in practice users interact with the web page content, and not with
the TV program content. It is evident that current interactive systems for
digital TV remain limited. This limitation lies in the fact that none of the
current interactive TV systems provide any control over the video or audio
content of the TV program.

1.0.1 A New Vision of Interactivity for Television

Our vision of interactivity in Television is a system which allows TV viewers
to control the final presentation of the TV program content. Such interactivity
has been successfully implemented in DVD, which is a non-broadcast interac-
tive media. Therefore, this Interactive TV system could be considered as a
technology that offers DVD-like interactivity in broadcast digital TV systems.
That is, the new Interactive TV system would enable TV viewers to control
the final presentation of the video or audio content of a TV program as in a
DVD player system. Important applications would include the followings



Multi-lingual audio, where viewers select the language of choice from an
available set of languages.

Parental management, where viewers select the content rating of a TV
program. If the viewer selects the ‘non-adult’ version of a program, the
receiver then seamlessly replaces the adult rated scenes of the program
with a non-adult rated video sequence.

Multi-angle video, where viewers can view a scene from one or more spa-
tially different angles. For example, during a soccer program, viewers
can select to view the important scenes of the game from various angles.

Video-in-Video, where viewers may select to open a small window in the
corner of their displays. This small window shows a separate video that
enhances the viewer’s experience. For example, in a soccer program, the
small window may display an important incident on the other side of the
field.

In the proposed system, viewers use their remote controls as if using
a DVD-player remote control, to select choices regarding a TV program from
a menu overlayed on top of the main video. This can include, for example,
selecting a different language audio track, or switching between adult and
non-adult versions of a movie. These choices are conveyed to the receiver and
are used to select the appropriate video and audio sequences to be displayed.
Hence, the viewer’s experience of a TV program is custornized based on his
or her own choices.

Thus, our proposed interactive TV system requires the transmission of
extra video or audio streams alongside the main TV program stream. We
call these extra streams ‘incidental streams.’ Incidental streams carry the
extra video or audio sequences required for an interactive TV application. For
example, the audio stream of another language track in the multilingual audio
application, or the video stream of a secondary camera angle in the multi-angle
video application are incidental streams.

Depending on the application, an incidental stream may carry a video
or audio sequence with a limited and specified length, or an unspecified length.
For instance, in the parental management application for a movie, the main
stream carries the regular version of the movie, which we assume has a few
‘offending’ scenes. For each offending scene, a non-offending version of the

4




‘same scene is transmitted as an incidental stream. In this case, each incidental
stream has a limited length, equal to its corresponding scene length. On the
other hand, in the case of the multilingual application, the incidental stream
carries the audio stream of the other language track for the entire program. In
this case, the incidental stream is a continuous stream whose length is equal
to the length of the program.

In order to receive and display a digital TV signal, the TV receiver
must be equipped with a digital set-top box. A set-top box designed and pro-
grammed specifically for the proposed ITV application will be able to display
the incidental streams. Conventional set-top boxes simply ignore the inciden-
tal streams and only display main streams. This makes the system backwards
compatible with the presently available digital TV set-top boxes. Therefore,
adding the incidental streams to a TV program does not effect the compati-
bility of the broadcasted TV signal with conventional digital receivers.

1.1 Challenges

In designing the proposed interactive TV system several issues and challenges
must be addressed.

Limited Transmission Bandwidth The channel bandwidth available for
transmitting digital TV signal is limited. In most transmission media,
such as Cable, Terrestrial and Satellite, a fixed channel is shared among
a number of TV programs, where each program uses a fixed share of the
transmission bandwidth. In the proposed interactive TV system, inci-
dental streams data must be accommodated in the same transmission
channel as the main streams. However, reserving part of the transmis-
sion channel bandwidth for incidental streams is not an attractive ap-
proach for two reasons. First, the contents of incidental streams are not
as important as the main program contents. This is because incidental
streams usually carry enhancement content for a TV program; hence,
incidental streams are expected to be viewed by much smaller TV audi-
ences than the main program content. Therefore, it is not cost-effective
to reserve bandwidth for incidental data, which are of secondary impor-
tance. Second, depending on the application, incidental streams may

carry video or audio clips, each with a limited length. For example, in




' the parental management application for a movie, an incidental stream
carries the non-offending version of the movie only when there is an of-
fending scene; otherwise, no incidental stream is broadcasted. Therefore,
it is wasteful to reserve a fixed portion of bandwidth for an incidental
stream, which may be utilized only during a few time intervals.

Keeping the Quality of Main Streams Intact As noted, main streams
carry more important content than incidental streams do. Therefore,
adding incidental streams to a TV program should not degrade the qual-
ity of the main streams.

Compatibility with Standard TV Receivers Adding incidental streams
to a TV program should not make the broadcast signal incompatible
with conventional TV receivers. Thus, it is necessary that our system
design be compliant with the Digital TV standards. -

Same Channel Transmission The incidental streams should be accommo-
dated within the same transmission channel used for main streams. It
is not an attractive option to use other transmission mechanisms for
sending incidental data. For example, consider a possible scenario for
implementing the proposed Interactive TV system via adding Internet
links to TV programs. These links would point to incidental video and
audio streams located on the Internet. Then, the set-top box receivers
would use these links to download the incidental streams via a fast in-
ternet connection, and display them on the TV screen. However, the
problem with this approach is that each TV receiver would be required
to have a fast internet connection. In fact, this approach has been taken
and implemented by a few manufacturers, but it has failed as its concept
has been rejected by both the TV broadcasters and consumers.

1.2 Thesis Scope

As noted, the most important challenge in designing the proposed Interactive
TV system arises from accommodating the incidental streams within the fixed
bandwidth allocated for the main streams in the transmission line of a dig-
ital television broadcast system. In this thesis, we address this challenging



problem. We present novel solutions for adding incidental streams without in-
troducing any degradation whatsoever in picture quality of main streams, and
without increasing transmission bandwidth. This is possible since the rate of
main streams varies with time, and does not occupy its entire allocated band-
width at all times. The incidental streams are transmitted using the available
bandwidth. Our method strives to make the most productive use of the avail-
able bandwidth, and delivers incidental video and audio content with the best
possible picture and sound quality.

Unlike current interactive TV technologies, the proposed system is a
one way system. That is, no return path from TV viewers to the transmit-
ter or no Internet connection are required. Furthermore, adding incidental
streams to a TV program using our method would not affect the compatibil-
ity of the broadcast signal with conventional digital TV receivers. In other
words, a broadcast signal that carries both incidental and main streams is re-
ceivable by both conventional digital TV receivers and by receivers specifically
programmed for the proposed ITV application. Conventional receivers will
display the main streams, while receivers programmed for the proposed ITV
application will be capable of displaying both incidental and main streams.
These features make the proposed interactive TV system even more attractive
to both consumers and TV broadcast companies.

1.3 Owur Approach

1.3.1 Framework

We encode the main video sequences with constant picture quality. Therefore,
the main video streams are encoded at variable bitrate (VBR). It is well known
that simple and slow activity video scenes require a smaller number of encoding
bits than complex video scenes do; such that bitrate for complex scenes may
reach the maximum allowed bitrate. Digital TV transmission media (e.g.,
cable or terrestrial) allow a fixed reserved bandwidth for each TV channel
equal to the source maximum rate. Therefore, during simple scenes the allowed
bandwidth is under-utilized. We propose to use these unused portions of the
bandwidth for transmitting incidental stream data.

Each data unit of an incidental stream contains time sensitive data.
This means, each data unit should be transmitted before a certain transmis-



sion deadline, so that it is available at the receiver at a certain time for de-
coding and presentation. Incidental stream data units are only transmitted at
opportune moments, when the transmission bandwidth is not fully utilized by
the main streams. In order to transmit incidental data units at these oppor-
tune moments, we propose that the transmitter receives each incidental data
unit ehead of its transmission deadline, say by ¢, seconds. Each data unit
is first buffered at the transmitter and then transmitted whenever some free
bandwidth becomes available. It is wital to choose t,, large enough so that the
incidental data are transmitted and received by the receiver by the time they
are to be decoded and presented to the viewer. Since decoders may receive the
the incidental data units prior to their presentation time, these data have to
be buffered at the decoder until their decoding time.

1.3.2 Maximum Waiting Time

An important question arises here: “for an incidental stream with a given

bitrate R, what is the minimum t,?” We will denote the minimum ¢, by

T,. Therefore, Ty, is defined as the maximum time that the data units of
an incidental stream with rate R might wait in the transmitter buffer before

being transmitted. Once T, is found, the transmitter should then receive

the incidental data units t,, > T,, seconds before their transmission deadline. '
This ensures that all incidental data units are transmitted on time and made

available at the decoder prior to or by their decoding time. We discuss our

approach to finding 7, in the next section.

A small T, is extremely desirable for three reasons. First, a small

T, reduces the inescapable delay in starting the presentation of an incidental

stream in a live program. Suppose that the first data bit of an incidental stream

is delivered to the transmitter system for transmission at time ¢. If we ignore

the constant delays caused by multiplexing, transmission and demultiplexing,

then the decoding of this incidental stream can start at the receivers at t+1,,."
Hence, it is very attractive to have a small T, so that playback of incidental

streams in live TV programs can start very shortly after they have actually

been captured. Second, since the receiver buffers must be capable of storing

T,, seconds of an incidental stream data, a smaller T, then requires a smaller

buffer size at the receivers. Third, a small T,, is advantageous when viewers

change from one TV channel to another. With a smaller T}, viewers experience



' System 1:

|
! | 1] |
I ltnm'ﬂqe | tz] t
lecode
ti ’1"‘1‘/1 ecode
; arrival
¢ System 2: |
‘ [ \
, I f I ] ] t .
% I ' taccess | 4 t
! : z‘l‘/y2 tdecode 1
ar'riyal ) _ '

Figure 1.3: A transmission time-line, which illustrates the effect of T,; the
gray boxes show when the data of the it* data unit are actually transmitted.

a shorter ‘random access delay’ for the incidental streams while they switch
channels. By ‘random access delay,” we mean the delay TV viewers experience
from the moment they switch to a new channel to the time the playback of
the new program actually starts. For the main video and audio streams, the
random access time rarely becomes more than 0.5 seconds. This is because the
coded main video and audio frames are broadcasted very close to their decoding
and presentation times. To justify the effect of T;, on random access delay
time for incidental streams, consider two transmitters offering two different
maximum waiting times, Ty, and Tyw,, to an incidental stream of rate R,
where Tw, < Tw,. Assume the data units of the same incidental stream are
sent to these two transmitters. In order to simplify the discussion, we ignore
the delays caused by the transmission line and buffering at the receivers. Let
¢ s denote the decoding time of the i data unit of the incidental stream
(see Figure 1.3). Since each data unit arrives at the transmitter buffer T,
seconds before its decoding time, then ¢% . . = t4 ... — Tw denotes the time
when the data bits of the i** data unit arrive at the transmitter buffer. The
gray boxes in Figure 1.3 show the time instances when the data bits of this
data unit are actually transmitted. Now, suppose a TV viewer changes the
channel on his or her receiver to this program at tgeeess- 1 this case, the TV
receiver starts receiving the data of this channel at ¢4ccess. In the first system,
the receiver completely receives the i data unit of the incidental stream,
while in the second system, the receiver misses this data unit. Therefore, the
presentation of the incidental stream in the first system starts sooner (i.e.,

th

from the ** data unit) than in the second system.



1.4 Structure and Mechanisms of the System |

In this section, we introduce the mechanisms that we employ in the proposed
system. Our objective here is to introduce the concept of each mechanism, and
describe their roles. The details of each mechanism and our implementation
approach are discussed in detail throughout the thesis.

We refer to the different video or audio streams as ‘traffic sources’ and
to the actual data as ‘“¢raffic’ from here on. This is because each video and
audio stream could be considered as a data generating source.

Figure 1.4 illustrates the basic building blocks of the proposed transmis-
sion system. As shown, this system consists of the following units: admission
control, traffic characterization, scalable coder, service classes, and data mul-
tiplexer.

1.4.1 Admission Control

Before an incidental stream is added to a TV program, and actually starts sub-
mitting data to the transmitter for transmission, it is necessary to determine
the rate R and the waiting-time t,, for this stream. We refer to this mechanism
as ‘admission control.” The admission control mechanism determines whether
or not a certain incidental stream is allowed to be transmitted. The admission
control relies on some bandwidth provisioning mechanisms, which forecast the
free bandwidth in the system in the future.

The admission control mechanism is initiated by sending a connection
request from the TV production studio to the transmitter. The connection
request is sent in advance of the actual data, and conveys to the transmitter
that an incidental stream is going to be added to the program in the near
future. The connection request also conveys a set of minimum service param-
eters for the incidental streams, which are the minimum bitrate R™" and the
largest waiting-time ¢ that can be selected for this incidental stream. Then,
the admission control must determine whether or not it can assign a bitrate
R and a waiting-time t,, to the incidental stream, such that R > R™" and
Ty <ty < t™e®. If the admission control can find such an (R, t,,) parameter
pair, then the incidental stream is accepted by the admission control. If not,
then the incidental stream is rejected; that is, the incidental stream will not be
added to the program. The above procedure is referred to as the ‘admission
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Figure 1.4: Structure of the proposed Transmission System.

test.’

Once the transmitter receives the actual data of an accepted incidental
stream, it re-encodes the incidental stream with rate R; and makes the encoded
data units available for transmission at exactly t,, seconds before their decoding
time. This will be described in more details in the next sections.

1.4.2 Traffic Characterization

The traffic characterization unit assigns a traffic descriptor to each main video
source, and conveys them to the admission control unit. The traffic descriptor
is used in forecasting the bandwidth required by the main streams, from which
we can deduce the bandwidth available for the incidental streams. Therefore,
the admission control unit uses the traffic descriptors in its bandwidth pro-
visioning mechanism to determine how much bandwidth will be available to
the incidental streams. A traffic descriptor is composed of a set of parame-
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ters which contain useful and important characteristic information about the
traffic shape of the source. Specifically, a traffic descriptor carries information
about the traffic ‘burstiness’ of the sources. A ‘traffic burst’ refers to a state
where a traffic source generates traffic at a rate higher than its average for a
long period of time. We say a traffic source is bursty if it frequently generates
traffic bursts.

As it will be discussed later, extracting the traffic descriptors directly
from traffic is not a straight forward process. For this reason, we employ a
modelling approach, where we use a parameterized model for modelling the
traffic; we then find the traffic descriptors from the model parameters. We
refer to these parameterized models as Traffic Models. For pre-recorded TV
programs, traffic models and traffic descriptors are obtained by using off-line
algorithms. For live TV programs, the traffic models and traffic descriptors
are obtained by monitoring traffic, and by using online methods.

1.4.3 Service Classes

An incidental stream can be transmitted using one of three different service
classes. These service classes are defined below.

Deterministic Service Class: When an incidental stream is transmitted
using the deterministic service class, the transmitter guarantees to send
all the incidental data units on time and without any deadline violation
or loss. The advantage of this approach is that the incidental stream
experiences no data loss; hence the playback of incidental streams at
the receivers will have no undesirable visual artifacts such as blocks or
picture freezing. The disadvantage of this approach is that T, (or R)
is determined by the admission control process based on the most pes-
simistic bandwidth provisioning for incidental streams. This results in
very large T, (or small R), which is not desirable.

Stochastic Service Class: When an incidental stream is transmitted using
the stochastic service class, some of the incidental data units may be
dropped (i.e., not transmitted); however, the data loss probability is
guaranteed to be less than a certain threshold, say p%. The advantage of
this approach is that T, (or R) is determined using a more relaxed band-
width provisioning for incidental streams. This results in much smaller
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T, (or larger R) than that of the deterministic service class. However,
this approach has the disadvantage that data loss is inescapable, and
hence, playback of incidental streams will have some visual discrepan-
cies.

Best Effort Service Class: In the best effort service class, the transmitter
does not provide any guarantee of sending the incidental data. As the
name ‘best effort’ implies, the transmitter uses any free bandwidth in
the transmission line for seriding the incidental data. Since no service
guarantee is given, no admission control is necessary for this service class.

As noted, each service class defined above has its own pros and cons.
More precisely, if an incidental stream is transmitted with a deterministic ser-
vice class, then T}, should be selected large enough (or alternately, R is selected
small enough) such that we always have enough bandwidth to send all the inci-
dental data on time. This means that T, is selected such that even during the
worst-case conditions, we find sufficient transmission opportunities for inci-
dental data. This worst-case condition happens when the bandwidth available
to incidental streams is at its minimum. In this case, the admission control
is performed based on a pessimistic bandwidth provisioning. Therefore, the
bandwidth provisioning mechanism deviates far from a usual state of system.
This means that on average, incidental stream data units will wait much less
than T,, seconds in the transmitter buffer. This results in poor bandwidth
utilization. Conversely, the bandwidth provisioning in the stochastic service
class is based on a more relaxed approach. This results in much higher band-
width utilization. However, data loss is probable with this approach, which in
some instances results in unattractive visual discrepancies in TV picture such
as green blocks, picture freezing and so on. A solution, which offers a trade-off
between visual quality and bandwidth utilization, is discussed below.

1.4.4 Scalable Coding

In order to achieve a compromise between high bandwidth utilization and the
smooth playback of incidental streams, we use the scalable coding technique
for encoding the incidental streams [3-5]. In this technique, a video or audio
sequence is encoded to more than one bitstream. The first stream is called the
base layer stream and usually has a low bitrate. The other bitstreams are called
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the enhancement layer streams, and carry a better picture or sound quality
than that of the base layer alone. Unlike the base layer stream, the decoding
of enhancement layer streams is not stand-alone, and requires the base layer
stream during the decoding process. We propose to send the base layer stream
using the deterministic service class, and the first enhancement layer stream
using the stochastic service class. The second enhancement layer is transmitted
using the best effort service class. This approach guarantees that the base layer
stream data are delivered to receivers without any data loss. Therefore, the
incidental stream is guaranteed to play back with the minimum quality offered
by the base.layer stream. Meanwhile, the first enhancement layer data will
be transmitted by taking advantage of the bandwidth that is not utilized by
the main and base layer incidental streams. Since the data loss is bounded,
most of the enhancement layer stream data are expected to be transmitted on
time. The second enhancement layer data are transmitted using the best effort
service. Therefore, any bandwidth left over by other streams is utilized by
the second enhancement layer. This approach results in an incidental stream
playback with minimum picture or sound quality determined by the base layer
stream, an average quality determined by the first enhancement layer, and a
best quality determined by the second enhancement layer.

Therefore, for an incidental stream that is to be re-encoded using scal-
able coding and transmitted with different service classes, two admission con-
trol processes must be performed. The first admission control process deter-
mines the rate Ry and waiting-time t22%¢ for the base layer stream. The
second admission control process determines the rate R.,, and the waiting-
time " at a given data loss rate, say p%, for the first enhancement layer
stream. Since no service guarantee is offered in the best effort service class,
no admission control process is necessary for the second enhancement layer
stream.

1.4.5 Data Multiplexing

The multiplexing unit is responsible for multiplexing the main and incidental
streams together. This unit handles the data units of each traffic source ac-
cording to their priority. The main streams have the highest priority, followed
by the incidental streams with deterministic service class. This, in turn, is
followed by the incidental streams that use the stochastic service class. The
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incidental streams with the best effort service class have the lowest priority.

1.5 Thesis Contribution and Structure

This thesis consists of 6 chapters and 3 appendixes. Chapters 2-4 describe how
the deterministic and stochastic service classes are designed. This includes the
selection of the traffic model, the design of efficient model fitting methods, the
selection of a traffic descriptor, and finally the admission control mechanism.

In Chapter 2, we address the admission control problem for the deter-
ninistic service class, and develop methods for the deterministic service class.
We use the so called (&, ) model to model the traffic of main streams, and the
so called ‘traffic constraint function’ as the traffic descriptor. This approach is
based on the ‘Network Calculus’ theory, which studies the deterministic ser-
vice guarantees in a communication network. We develop efficient algorithms
for fitting the (&, ) model to a traffic source. These algorithms are useful
in any application that employs the (&, p) model, and are part of the novel
contributions of this chapter. Finally, we design an admission control scheme
for the deterministic service class. This admission control scheme is the most
important novel contribution of this chapter.

In Chapter 3, we design the stochastic service class. The approach
taken is based on the recently introduced theory of ‘Effective Bandwidth.” We
develop a new physical interpretation of the effective bandwidth concept based
on a data buffering model and the large deviation principles concept. Then, we
design an efficient algorithm for admission control of the stochastic service class
using the effective bandwidth concept. The two important contributions of this
chapter are the physical interpretation of the effective bandwidth concept, and
the admission control scheme for the stochastic service class.

In Chapter 4, we address the traffic modelling problem for the stochastic
service class. We examine different traffic modelling approaches for stochastic
modelling of main streams, and select the family of Markovian signal models
for modelling the data traffic in the proposed ITV application. We show that
the ‘Hidden Semi-Markov Models’ capture the characteristics of digital TV
traffic better than other Markovian models; hence, we employ this model.
This line of development is one of the contributions of this chapter. Then, we
present a new signal model for hidden semi-Markov models, and present novel
methods for parameter estimation of this new signal model for both the off-
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line and online cases. This new signal model and its parameter identification
algorithms are the most important contributions of this chapter, and are useful
in other applications which employ hidden semi-Markov models. Finally, we
show how the effective bandwidth of a source is obtained from the parameters
of a hidden semi-Markov model. This line of development is also a part of
contributions of this chapter. ’

We design a conceptual transmitting system for the proposed interactive
TV system in Chapter 5. We discuss the role and importance of ‘packet
scheduling policy,” and present a scheduling algorithm for multiplexing of main
and incidental streams data. Even though this chapter does not include any
major contributions, however, it shows how the deterministic and stochastic
service class concepts are implemented and integrated together in an actual
system.

Finally, in Chapter 6, we present the thesis conclusion. We highlight
the thesis contributions, and discuss the future research direction in this field
as well.

16




Chapter 2

Deterministic Service Class

Things which matter most should never be at
the mercy of things which matter least.

Goethe

Overview

A scheme needed for the deterministic service class is presented. This includes
traffic modelling for main streams, traffic model fitting, traffic descriptor and
an admission control scheme. Using the methods presented in this chapter,
one can determine the mazimum waiting time for an incidental stream with a

given rate.

2.1 Introduction

In this chapter, we present the scheme needed for implementing the deter-
ministic service class. For that, we need to forecast the minimum amount of
bandwidth not occupied by the main streams. The approach taken is based on
using a model to forecast the mazimum data flow of each main video source.
This model is referred to as ‘traffic model’, and the parameters which describe
the maximum data flow of the source are referred to as ‘traffic descriptors.’
These traffic descriptors are then used in the admission control mechanism to
obtain the rate and maximum waiting time of incidental streams.

Our approach to this service class studies the transmission system in a
worst-case condition scenario. In this scenario, all the main sources send the
maximum possible traffic to the transmission system for long periods of time,
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thus, during these times the bandwidth available for incidental streams is min-
imal. Using this minimum bandwidth knowledge, the rate and the maximum
waiting time of incidental streams are then determined by the admission con-
trol mechanism. This ensures that even in worst-case conditions, there exists
sufficient bandwidth to transmit the incidental data.

The traffic descriptor of the main streams is used to specify the maxi-
mum traffic that the main sources can generate in any time period of length
t. This traffic descriptor is known as the ‘traffic constraint function’ in the
literature, and is defined in Section 2.2. This approach also requires that the
traffic model captures the worst-case burstiness of a traffic source. That is,
traffic models which capture the statistical properties of traffic are not needed
here.

The rest of this chapter is organized as follows. In Section 2.2, we
discuss the current deterministic traffic models, and select the most suitable
model for our application. The model we employ is called the (&, p) model. We
also show how the traffic descriptor is obtained from this model. In Section
2.3, we address the issues that arise in fitting the (&, ) model to empirical
traffic traces, and present efficient solutions for these issues. In Section 2.4,
we present an admission control scheme. In Section 2.5, we present numerical
results of applying the methods presented in this chapter to actual traffic
sources.

2.2 Traffic Characterization

In this section we find a mathematical model for characterizing the traffic of TV
video sources (i.e., the main streams). As described earlier, the term ‘traffic
of a video source’ refers to the amount of data bits generated by the video
encoder. The mathematical model that we seek should provide a deterministic
bound on the amount of traffic a video source generates in any time interval.
The important features of a good traffic characterization model are thus 1)
accuracy in characterizing the traffic, 2) simplicity in implementation, and 3)
ability to capture the useful characteristics of traffic in different time scales.
For example, though the peak-to-average ratio of the bitrate of a source can
roughly show how the burstiness of the source looks like in a large time-scale,
it does not incorporate any information about the burstiness of the source on
short time-scales. Therefore, it cannot be used in the design of an efficient
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admission test.

Although there is a great deal of related work on traffic characterization,
much of this work cannot be applied to our problem. Most of these methods
characterize the video sources using sophisticated stochastic models, such as
Markov models [6-8], autoregressive [9,10], self-similar [11,12] and S-BIND
[13,14] models. These approaches are all stochastic and do not provide a
deterministic bound on the traffic.

The problem of deterministic characterization of video has been studied
for other applications using different approaches [6,15-18]. These approaches
study video bitrate variability at the frame level. Since none of these ap-
proaches address the rate variability of full screen video of TV programs at
the scene level, the results of these studies are not valid for the proposed ITV
application.

In this section, we show how a deterministic traffic characterization
is defined. Then we discuss the current parameterized deterministic traffic
models, evaluate these models, and select a suitable model for the proposed
ITV application.

2.2.1 Deterministic Traffic Characterization

We describe the traffic by means of a cumulative function defined as the
amount of data (e.g., number of bits or packets) generated by the source in
the time interval [0,¢]. This functions is called the cumulative traffic function,
and is defined as

Alt) = /0 y(r)dr (2.1)

where y(7) is the bitrate of the source at time 7. We use discrete time, where
the time parameter ¢ corresponds to an integer number representing the GOP!
number in the video sequence. Therefore, in our application y(7) denotes the
number of bits generated by a video source during the 7" GOP (i.e., y(7) is
the size of the 7" GOP). In this case, 2.1 becomes

Alt) = Xt:y(v'), Vi >0 (2.2)

=0

1Group Of Pictures (GOP) in MPEG terminology is the group of frames between two
consecutive I frames. The GOP length in most NTSC TV programs is 15. Therefore, with
a frame rate of 30 fps, each GOP corresponds to 15/30 = .5 seconds.
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The traffic characterization of a source is obtained by defining the traffic
constraint function A*(t), that defines an upper bound on the amount of traffic
generated over any time interval of length t. Thus

A*(t) > A(s +t) — A(s) Vs 2 0 (2.3)

Note that the traffic constraint function A*(t) does not depend on s and hence
provides a time-invariant bound for the function A. The traffic constraint
function is always wide-sense increasing (i.e., A*(t) < A*(t +7) for 7 > 0 ).
As discussed in [19] and [20], A*(t) defines a meaningful constraint only if it
is subadditive, which means that A*(t + s) < A*(t) + A*(s) for all 5,£ > 0. If
A*(t) is not subadditive, it can be replaced by its ‘subadditive closure’ [21].
The subadditive closure of a function f(t) is the function f/(¢) defined with
the following recursive equation

f(0) =0,
F(t) = min [f(t), min [f'(s) + f/(t ~ s)]] . t>0. (2.4)

O<s<t

Empirical Envelope

The empirical envelope is the tightest traffic constraint function of a source
and is defined as

E(t) = ITI?X{A(S + t) — A(s)} Vs >0,Vt >0 (2.5)

The empirical envelope indicates the maximum burst size that a source gen-
erates in any time interval of length ¢t. The shape of the empirical envelope
function carries important information about the burstiness of the source in
the worst-case conditions. For example, Figure 2.1 shows E(t) for a constant
bitrate (CBR) and a typical variable bitrate (VBR) source. For the CBR
source with rate R, the empirical envelope is a linear function of ¢t with slope
R, ie., E(t) = Rt. For a VBR source with maximum bitrate R, E(t) is a con-
cave non-decreasing function. For a small ¢, F(t) of a VBR source is typically
very close to Rt.

Traffic characterization of multiplexed sources

Consider an ideal multiplexer with N input video sources. An ideal multiplexer
does not delay the incoming traffic and generates a multiplexed stream of all

20



Figure 2.1: E(t) for a CBR and a typical VBR source.

the input streams. The instantaneous rate of the multiplexed stream is the
aggregate instantaneous rate of the input streams. If the N input streams
are each characterized by the traffic constraint functions A7 (t), 4 =1,2,..., N,
then the multiplexed stream has the traffic constraint function A}, such that

N
Arel®) = 3 4501 (26

2.2.2 Parameterized Traffic Characterization Models

In order to use the concept of the traffic constraint function in a practical
system, it is necessary to represent the function A*(t) with a parameterized
model. Such a parameterized model would significantly facilitate the design
of the admission tests of the incidental streams. Besides, by using a parame-
terized model, the sources can efficiently Specify their traffic characteristics to
the system, as only a few parameters need to be conveyed.

As discussed above, the criteria used to evaluate a traffic characteriza-
tion model are accuracy, simplicity and efficiency of the model in capturing
meaningful information about the burstiness of the sources. From the perspec-
tive of bandwidth provisioning, the model should be accurate. This means that
A*(t) should be as tight as possible, so that we do not overestimate the traf-
fic of the source. Since the empirical envelope is the tightest bound for the
traffic of a source, it is used as a benchmark for the accuracy of a traffic con-
straint function. While in general a model with more parameters can achieve
a more accurate traffic constraint function, the additional parameterizations
cause an increase in the complexity of the traffic model. Thus, the selection
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of an appropriate model must involve a compromise between accuracy and
simplicity. '

There are five important parameterized deterministic traffic models
studied in the literature, known as the peak rate model, the (r,7) model,
the the (o, p) model, the (&, p) model and D-BIND model.

The peak rate method The peak rate model is the simplest and the most
widely used model of all traffic models. In this model, the traffic is
described with only one parameter, the peak rate R,,... The traffic
constraint function for this model is given by A*(t) = Ry, X t for all t.
The model is usually enforced for video sources by the rate control section
of the source encoder. Note that the peak-rate model is appropriate for
specifying CBR traffic, but will overestimate the traffic of VBR sources.
This is illustrated in Figure 2.2-a, where the empirical envelope, E(t),
and the peak-rate model traffic constraint function, A*(t), are shown for
a VBR source. As shown, the A*(¢) is not a good model for E(t) and
overestimates the traffic for long time-intervals (i.e., for large t’s).

The (r,T) model The (r,T) model describes the traffic with a rate param-
eter r and a framing interval T. In this model, time is partitioned into
frames of length T" and the traffic generated during each frame interval
is limited to 71" bits. Thus, this model enforces an average rate 7, while
allowing for moderate bursts. The traffic constraint function for this
model is given by: A*(¢) = ([t/T"] + 1)r,¥t > 0, which is illustrated in
Figure 2.2-b.

This model is most suitable for VBR sources with small fluctuations in
their bitrate. If a VBR source has large fluctuations in its bitrate, then in
order to capture all changes in the traffic a large framing interval 7" must
be selected. However, selecting a large 1" usually results in overestimation
of the traffic.

The (o, p) model The (o, p) model describes the traffic with a burst parame-
ter o and a rate parameter p [15,16]. In this model, the traffic constraint
function is A*(t) = o + pt. Hence, this model enforces a rate p, while al-
lowing some burstiness up to o. Figure 2.2-c shows the traffic constraint
function A*(t) for this model. Though this model is very simple, it has
been successfully used in efficient characterizing of a large class of traffic
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sources. This model can easily be implemented by using a leaky bucket
traffic shaper?. Because of these attractive features, this model has been
widely used in many traffic engineering applications.

The (7, ) model The (G, 5) model is a generalization of the (o, p) model. A
(&, p) model consists of a set of m (o, p;) pairs, 1 <i < m. The traffic
is limited by each (o3, p;) pair, i.e.:

A*(t) = min(o; + p;t), vVt >0 (2.7)

Figure 2.2-d illustrates the A*(¢t) function for this model with m = 3
piece-wise linear segments. As shown, the traffic constraint function for
this model consists of m piecewise-linear segments. By increasing the
number of (o, p) pairs m, the model results in a tighter and more accurate
constraint function for the traffic. This is illustrated in Figure 2.3, where
the (@, p) model for a source is plotted for m = 1,2 and 3. As shown
by increasing m, the traffic constraint function A*(t) gets closer to the
empirical envelope of the source. However, practical considerations, such
as implementation complexity, limit the size of the model, m. Therefore,
there is a tradeoff between the accuracy of the model (which usually
requires large m) and the simplicity of the model.

The D-BIND model The D-BIND traffic model is a general traffic model
that uses a number of rate-interval pairs {(R;, ;)| = 1,...,n} [24,25]
The maximum rate over any interval of length I; is restricted to R; for
all pairs 7. The traffic constraint function is given as follows:

A*(t) — Ri]iIA—'—RIi‘—IIIi—l

(t— L)+ RI, forall [, <t<I  (28)
The traffic constraint function of the D-BIND model thus consists of n
piece-wise linear segments as shown in Figure 2.2-e. Note that the (&, p)
model can be viewed as a special case of the D-BIND model since the
(@, p) model defines an n segment concave piece-wise linear constraint
function. It should be noted that the traffic constraint function of the
D-BIND model in some instances may not be subadditive.

2Efficient implementation of the leaky bucket mechanism is discussed in [22,23].

23



e /N

oA

(a) peak rate model

(c) (o, p) model

A A*(t)

A*(t) )\ -
E(t)
2rdf--
7T :
: T t
(b) (r, T') model
) P3
A*(t)
o gy B
(o014
; b ¢

(d) (&, p) model

L I I

(e) D-BIND model

24

Figure 2.2: Traffic constraint function for different traffic models.
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Figure 2.3: A*(¢t) for (&, 5) model for m = 1,2 and 3.

Several studies have evaluated these deterministic traffic models for
modelling the video traffic® with respect to accuracy and simplicity criteria
(see [26,27] and [17]). In these studies, the simplicity of the models are eval-
uated based on the complexity of implementation of the admission control
tests and the traffic monitoring and policing* mechanisms. Meanwhile, it is
shown in [27] how the parameters of each model can be expressed in terms
of the other models. This enables a direct comparison of these models. All

3In all of these studies, the traffic video source is considered at frame level or ATM cell
level.

4In traffic monitoring, the traffic of the source is monitored in real time to make sure
that it complies with its traffic characterization model. If the real traffic does not comply
with the model, the traffic shape is enforced to follow the model by a mechanism called
traffic policing.

25




these studies indicate that the (o, p) model is superior to the peak-rate and
(r,T) models. However, they also show that the use of a single (o, p) model
cannot usually achieve an acceptable accuracy for most of the applications. It
is shown in [17] that the (&, 5) model which employs multiple (o, p) models
can accurately characterize the VBR video.

We employ the (&, 5) model, as it is known to be simple and accurate
for modelling VBR. video [17,26,27]. In order to evaluate the (&, p) model
with respect to its ability to capture useful characteristics of traffic for our
application, we studied the empirical envelopes of several typical TV programs.
Figure 2.4 shows E(t) for two typical TV programs, a movie and a news
program. The results show that E(t) is a concave increasing function, with
two expected characteristics. 1) For very small t’s; E(t) is almost linear, that
is E(t) & Rast, where Ry, is the maximum rate of the source. 2) For very
large t’s, E(t) is also almost linear with the slope dE(t)/dt = Ry, Where gy
is the average rate of the source. For other t’s, E(t) is a concave decreasing
function. In order to capture these two important characteristics of the E(t),
we select the first (o, p) pair of the model as oy = 0 and p; = Rye. In
addition, the rate parameter of the last (o, p) pair is set to p,, = FRayy. This
selection captures the two important characteristics of E(¢) in our model. The
other (o, p) pairs’ parameters should be found so that A*(t) models the concave
section of E(t).

2.3 Fitting the (7, p) Model to a Source

We here address how to construct an accurate (&, p) model for a traffic source,
specifically a video source, using a few (o, p) pairs and a reasonable amount
of computational effort. Finding an efficient and practical way of constructing
a model, which offers the right trade off between accuracy, size and compu-
tational effort, is a real challenge. Such a model should be accurate in order
to achieve high bandwidth utilization, and should include as few (o, p) pairs
as possible, so that it can be used in practical admission control schemes [27].
Computation time is very important for online traffic sources, where the (&, 7)
model should be constructed by monitoring samples from an online traffic
source.

There are many methods for selecting the (&, p) model parameters
whose design objective is not to strive for high bandwidth utilization, but
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Figure 2.4: E(t) for two typical TV programs. The traffic is normalized to its
maximum rate, i.e., the maximum rate of these sources is 1.

instead to select the traffic parameters according to bandwidth availability.
These methods include Dual leaky bucket, fixed burst [28], concave hull [17],
product [29] and maximum distance [17].

Characterization of a VBR traffic source with the goal of achieving high
bandwidth utilization and use of the (&, p) model is studied in [1,17,30]. The
benchmark in these methods for evaluating the accuracy of a traffic source is
the empirical envelope of the source. Since E(t) is the most accurate traffic
constraint function for a source, the approach of these methods is to first
construct E(t), and then construct A*(¢) as an approximation of E(t).

However, construction of E(t) for all t is extremely time consuming and
is not practical in real time applications. Existing methods use extrapolation
techniques to reduce the computational load in finding E(t) for large time
intervals (i.e., large t's), a process that in turn results in rough estimates of
E(t). Moreover, finding the model parameters from the empirical envelope
is also a challenge. Existing methods are based on a ‘brute force’ search
approach, which is extremely time consuming.

In this section, we present a new algorithm for constructing the em-
pirical envelope of a source. We show that our method results in a better
approximation of E(t), when compared to existing methods. Moreover, due to
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its speed and iterative design, our method can easily be employed for on-line
traffic sources, where the source traffic is not known a-priori and the speed of
the traffic characterization algorithm is important.

We also present a unique and robust algorithm for obtaining the op-
timum model parameters from E(t). Since E(t) is the most accurate con-
straint function for a source, we select the (&, ) model parameters so that
A*(t) > E(t) for all t, where A*(t) = min;(o; + pit) and A*(t) is as close to
E(t) as possible. We use the ‘divide-and-conquer’ approach in our algorithm
and set up the problem such that a powerful optimization method, called
Sequential Quadratic Programming, can be applied to the problem. Unlike
other methods in the literature, our method finds the model parameters di-
rectly from the true or sub-sampled E(t). In addition, our method is faster
and more robust than the current methods and results in a near optimum
model.

In Section 2.3.1, we review previous works related to fitting a (&, p)
model to a traffic source. We present, our method for constructing the empirical
envelope in Section 2.3.2. In Section 2.3.3, we present our method for obtaining
the (&, ) model parameters from the empirical envelope.

2.3.1 Overview of Current Methods for Fitting the (7, p)
Model to a Traffic Source

As mentioned above, all current methods are based on the two counterparts.
First, constructing the empirical envelope, E(t), and second, finding the (7, /)
parameters from E(t). We now discuss current methods for each part.

Constructing E(t) from the traffic

.In [17], the empirical envelope E(t) is obtained by running an exhaustive search
and finding the maximum burst size in the entire stream. More precisely, if
the instantaneous traffic rate of a source is given by (%) and the total length
of the source is N, then F(t) is constructed by calculating:

k+t—1

B(t)y= _max > y(i) (2.9)

i=k
The drawback of this approach is its extensive computational complexity. In
order to compute E(t) for 1 < ¢t < N, O(N?) operations is required. In
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addition, N is generally very large, specially for video traffic sources (e.g.,
N =~ 10° for a 2 hour movie when the traffic is considered at the frame level).
Hence, for the majority of video sources, it is not practical to compute E(t)
using equation 2.9. There are methods in the literature that strive to reduce
this computational complexity [1,30]. In [1,30] E(t) is approzimated using
extrapolation. That is, E(¢) for 1 <t < 7 is computed using equation 2.9, and
E(t) for t > 7, denoted by E.(t), is extrapolated from E(t), 1 <t < 7. The
extrapolation method used is either the “largest subadditive closure” with the
computational complexity of O(N?) (which is the same complexity if £(t) was
constructed using equation 2.9), where

E.(t) = 1r£1]igt{E(k:) + E(t—k)} fort > (2.10)

or the “repetition extrapolation” with the computational complexity of O(TN),
where E(t) for t > 7 is obtained by simply repeating the first 7 values in the
envelope (i.e., E(t),1 <t <T1)

E.(t) = gJE(T) + E(t - L;JT) for t > 7 (2.11)

The parameter 7 is experimentally selected for each application. The disad-
vantage of this extrapolation approach is that it results in high utilization only
for the small maximum waiting times T,,. For large T},’s, the traffic character-
ization based on E.(t) results in a poor network utilization. This is because
for large t’s, F,(t) is not a good approximation of E(t). This is illustrated in
Figure 2.5, where E(t) and FE.(t) for a typical video source are shown. We
observe that F,(t) is not a good approximation for E(t) for large t’s.

Finding the model parameters from E(t)

Once E(t) (or E.(t)) is found, A*(t) is constructed as a piece-wise linear ap-
proximation of E(t). The current approach includes two steps. First, since '
E(t) is not necessarily concave and sub-additive, it is replaced with the con-
cave hull of E(t), denoted by H(FE) [17,18]. H(E) is the smallest piece-wise
linear concave function larger than E [31]. Theoretically, H(E) can be used as
A*. However, the number of piece-wise linear segments in H(E) is usually very
large, resulting in an impractical large model size. For this reason, H(E) is
replaced with another piece-wise linear function that has only a few linear seg-
ments. The idea behind this approach is to use a cost function to measure the
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Figure2.5: E(t) obtained from the direct approach, largest subadditive closure
extrapolation, repetition extrapolation for 7 = 400 and sampling with 6 = 400.
The source is a VBR MPEG-2 sequence, selected from the motion picture
‘Mission Impossible’ with 720 x 480 resolution, frame rate 30 and maximum
bitrate of 5 Mbps.

difference between H(E) and the traffic constraint function of the new model
(say AX).where the model size n is small enough. Then an algorithm with
a heuristic approach is used to find the (o, p) parameters of the A} model.
In this algorithm, each (o, p;) pair is updated in each iteration through an
exhaustive search through all the possible values for each (o, p;) pair to find
the one that minimizes the cost function (see [1,30]). The major drawbacks of
this method are: 1) the computation of the convex hull of E and the heuristic
approach to reduce the model size are both computationally expensive, 2) the
heuristic method to reduce the model size is not always guaranteed to converge
to a result, and 3) this method might converge to the local maximum of the
cost function, thus it does not guarantee that the optimum parameters are
found.
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2.3.2 Our Approach to Constructing the Empirical En-
velope

Here, we present a method that finds the exact values of E(t) forall 1 <t < 7.
For t > 7, we find F(t) at equally ¢ spaced samples t = 6,26, ..., nd (see Figure
2.5). The sampling interval ¢ is a positive integer. If 6 < 7, then the samples
at t = i§ for which id < 7 are repeating and need not to be computed again.
For simplicity, we present our algorithm for constructing E(t) for t < 7 and
for samples of E(t) separately in sections 2.3.2 and 2.3.2, respectively. The
number of operations to construct F(¢) for 1 < t < 7 and the equally spaced
samples of E(t) are O(7N) and O(nN) respectively.

Construction of E(t) for t < 7

Assume that the total number of bits generated by the source, y(z) for 7 =
1,2,..., N are given, where N is the total length of the source. In our case,
N is the total number of GOP’s in the whole video sequence. We like to find
E(t) fort=1,2,...,7, where 7 < N. E(t) is given by [17]

k+t—1
E(t) = 191;11'(\17)_(&“ ; y(%) (2.12)

We define vector s of size 1 x 7 as
=) o Thew) Sheave] @1
The objective is to construct s, for £ = 1,2,..., N. The empirical envelope

E(4) is computed as the m?x(sk(i)). sy, is easily constructed from si_; by
shifting elements of s,_; down and adding y(k) to the result. Our algorithm
consists of the following steps:

1. Let £k = 1 and initialize s; and e as follows

s1=[y(1) 0 --- 0] | (2.14)
£ =81 (215)
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2. Let k =k + 1. Find s; and e using

sk = (shift elements of s;_; down by one)
+lyk) 0 - 0] (2.16)
e = maz(e,sg) (2.17)

3. Repeat step 2 until the last input is reached, i.e, k = V.

When the algorithm finishes, e is the empirical envelope of the source
e(i) = E(@@) for 1 <i< 7.

The computational complexity of our algorithm is only O(7N), which
is considerably less than O(rN?) for a brute force approach using equation
2.12. Due to the iterative structure of our method, it can easily be adopted in
on-line applications, where the source traffic (i) is not known a priori.

Construction of samples of E(t) for t =6,26,...,n0

Given the traffic source y(z), we like to compute E(t) for t = 6,20, ...,n0,
where n is the number of samples to be computed. Let

k
Ayi)= Y wl), 1<k<N, 1<i<n (2.18)
l=k—i6+1

Then using equation 2.12, we have E(id) = maxy Ag(2). Our goal here is to
construct Ag(¢) in an efficient way rather than computing Zf:k_wﬂ y(l) for
all 1 < £k < N and 1 €1 < n. Our algorithm iteratively constructs Ay,
k=1,2,...,N and 1 <14 <n. The key idea of our algorithm is that for each
new k, we efficiently re-use some pre-computed terms to construct Ay(i). By
doing so, our algorithm reduces drastically the number of operations required
to construct each A (7). _

First, we define the vector Ay of size n x 1, where Ag(4) is the sum
of i6 consecutive input ending by y(k) as defined in equation 2.18. It can be
easily shown that

k=(i~1)5
Ay = A=+ Yyl
I=k—id+1
= Ak(i — 1) + Ak—(i—l)é(l) fori>1 (219)

32



Our algorithm relies on equation 2.19 to iteratively construct Ay for
k=1,2,...,N. Equation 2.19 requires A;(1), which is already computed in
previous iterations. Hence, we save the first element of Ay in each iteration
for future use. For this purpose, we use a vector A of size ((n —1)6 +1) x 1,
where A4(1) is pushed into A in each iteration. In k iteration, we have
A(7) = Ag_;+1(1) and equation 2.19 becomes

Au(i)=Ay(i— 1)+ A(G—1)6+1)  fori>1 (2.20)

The empirical envelope samples, i.e., E(t) at t = 10, are easily obtained as
maxy Ag(z). The algorithm is summarized as follows.

1. Let £ = 1. Initialize n x 1 vector A, nx 1 vector Es and ((n—1)6+1) x1
vector A as :

Bs=A=[y1) y(1) ... y)] (2.21)
A) = { A(l) fori=1 (2.22)
0 forl<i<(n—1)+1 '
2. Let k=k+ 1. Update.A(l) as
A1) = A1) + y(k) —y(k = 9) (2.23)

Note that if this algorithm is executed in parallel with the algorithm
presented in 2.3.2 and § < 7, then we have A(1) = s,(d). Hence, this
step of the algorithm can be ignored.

3. Update vector A

Ali) = {A(l) fori =1 (2.24)
A(i—1) forl<i<(n—1§+1 '

4. Update A(7) for ¢ > 1 using equation 2.20.
5. Update Es = max(Fs, A).

Steps 2 to 5 of the algorithm are repeated for k = 2,3,..., N. When
the algorithm finishes, we have E(i6) = Fs(i), 1 <17 <n.

33



Algorithm 1 Find the (a p) model parameters.
INPUTS: E(t) for t = 1,2,..., N; a criteria to end the algorithm (i.e.,
the size of the (&, p) model n, or the maximum acceptable error in the

model).
OUTPUT: o; and p; for 1 < i < n.
1: Fit a single (0, p) to E(t) fort =1,2,...,N

2: A*(t) =0+ pt

3: while A (t) does not satisfy the accuracy criteria or the model has
not reached its maximum size do

4: Find [T}, T2] such that for all ¢t € [T1, T2}, A*(t) overestimates

E(t) more than a threshold :

5 Fit a single (o, p) to E(t) for t € [T'1,T2]

6: Add the new (o, p) to the model

7: A*(t) = min;(o; + pit)

8: end while

Figure 2.6: Pseudo-code of our algorithm for obtaining the (a p) model pa-
rameters from E(t).

2.3.3 Obtaining the (7, p) Parameters from the Empiri-
cal Envelope

Our method for finding the (&, ) model parameters from E(t) follows a divide-
and-conquer approach [31]. In this approach, the problem is broken into sub-
problems which are similar to the original problem but smaller in size, the
subproblems are solved, and then the results are combined to create the solu-
tion to the original problem. Following this technique, we divide our problem
to the subproblems of fitting a single (o, p) to the E(t) for a specific range of
t, let us say t € [T1,T»]. This subproblem has a smaller size than the original
problem and is easier to solve. In Section 2.3.3 we describe how we solve this
subproblem, and how all the results are combined to obtain the final (&, p).
Suppose E(t), for t = 1,2,..., N, is given. Our algorithm first fits a
single (o, p) model to the whole input data. That is, we find o and p so that
o+pt > E(t), and o + pt is a good approximation for E(t), fort =1,2,..., N.
Then we proceed by reducing our problem to a subproblem of smaller size. For
this, we first select the interval [T7,T5] such that A*(t) is not a satisfactory
estimate for E(t) for all ¢ € [T}, Ts). For example, we find a [T, T3} such that
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(A*(t) — E(t))/E(t) is greater than a threshold for all ¢ € [T3,75]. If there are
more than one such interval, we select the one that A*(¢) is the worst estimate
for E(t). The same approach is then used, and a single (o, p) is fitted to E(¢)
for t € [T1,T,]. This will add a new (o, p) pair to our model. This procedure of
adding a single (o, p) pair to the model is repeated until a criteria for ending
the algorithm is met. This criteria depends on the application and is either
the maximum number of (o, p) pairs in the model or an accuracy criteria.
For example, in some applications the practical considerations may require
that the model size does not exceed a certain size, say n. In this case, the
algorithm ends when n (o, p) pairs are added to the constructed model. On
the other hand, some applications may require that a certain level of accuracy
is preserved in the model, e.g., A*(¢) does not overestimate E(t) more than a
threshold, say p%. In this case, we add (o, p) pairs to the model until A*(t)
satisfles this accuracy criteria.

Our sub-problem: fitting a single (o, p) to E(t)

In each iteration of our algorithm, we need to solve the sub-problem of fitting
a single (o, p) to a part of E(t). That is, given E(t), T1, and T5, we should find
o and p such that: 1) o + pt > E(¢) for all 1 <t < N; this constraint ensures
that the constructed model is concave and does not underestimate E(t) for
any t, and 2) o + pt is an optimum approximation of E(t) for t € [T, T3]. In
order to measure the closeness between A*(t) and E(t) for ¢t € [T,T5] we use
the error function defined as:

error(o,p) = ¥y 2q, (0 + pt — E(t))
= (T —Ti + 1)(o + L) - 372 B(1) (2.25)

The terms ZtTiTl E(t) and T, — T7 + 1 do not depend on o or p. Hence, we
only need to minimize the function

To +T;
(1o 1)p

. (2.26)

error(o,p) = o +
with the constraint o+ pt > E(t) for all 1 <t < N. This is a classic optimiza-
tion problem and there are many standard approaches available in literature
to solve such a problem [32]. We choose to employ the Sequential Quadratic
Programming (SQP) method to solve this problem in our application. SQP
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Figure 2.7: Divide and Conquer approach in our algorithm. (a) First step: a
single (o1, p1) is fitted into the E(¢). (b) Second Step: since A*(t) in step one
was not a satisfactory estimate of E(t) for [T1,T], the (02, p2) is fitted to L(t)
for t € [Ty, To). (c) Third Step: the (o3, ps) is fitted to E(t) for t € [Ty, T3).

is a robust and state of the art technique for solving optimization problems.
For implementation details of this technique see [32,33]. Using the SQP tech-
nique, we easily minimize the function defined in equation 2.26, and find the
optimum ¢ and p to our probl_em within a few iterations.

Note that there are:other approaches to finding the parameters of a
single (o, p) model like the ‘product method’ {29], ‘maximum distance’ [34]
and ‘fixed burst’ [28]. These methods use different optimality criterion for
selecting the parameters. We should point out that instead of using SQP, any
of the above mentioned approaches can be used to solve the subproblem of
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Figure 2.8: The General system S.

fitting a single (o, p).

2.4 Admission Control

In this section we present a method which finds a bound on the waiting time
of the incidental streams data. This method is based on the “Network Calcu-
lus” theory [19,35,36]. In Section 2.4.1 we discuss the basics of the Network
Calculus and describe how the bound on the waiting time is obtained. Then,
in Section 2.4.2 we present an algorithm that employs this method and finds
T,

2.4.1 Network Calculus Basics

Consider a general system S which is viewed as a black box; S receives the
input data at the variable rate y;,(¢t) and delivers the data after a variable
waiting time at the variable rate y,.(t). In the proposed ITV application,
S is the multiplexer on the transmitter side, that multiplexes the main and
incidental streams. We define the cumulative function of the amount of data
input and output to S as

T=t
Ap(t) = Zym(’r), Yr>0,vt>0
T7=0

T=t

Apur(t) =D You(T), V7 > 0,¥t >0 (2.27)

7=0

A (t) and A, (t) are called the ‘arrival’ and ‘departure’ functions, re-
spectively [35,36]. The arrival and departure functions for a sample system are
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Figure 2.9: The arrival and departure functions: (a) Continuous time, where
A, and A,,; are defined for all ¢ > 0, (b) Discrete time, where A;, and Agy
are only defined at discrete times denoted by dots.

illustrated in Figure 2.9. From the arrival and departure functions we derive
the following two quantities:

Backlog: The backlog at time ¢ is the amount of data waiting in the system
S at time ¢ and is given by A;,(t) — Asu(t). As shown in Figure 2.9, the
backlog at t; is simply the vertical distance between A, (t1) and Ayu(ta).

Waiting time (or delay): The waiting time at time ¢ is the time that the
incoming data at time ¢ will wait in the system S before being served. The
waiting time for the data that is input to the system at time ¢ is given by:

dt) =min{T > 0: A (t) < Aoue(t +7)} (2.28)

The waiting time at tg is illustrated by d(tp) in Figure 2.9. If the traffic is
continuous, then A;,(to) = Aout(to + d(to)), which means that all the input
data to the system up to the time ty are served by the time to + d(to).
As shown, for continuous traffic the waiting time is simply the horizontal
distance between A;, and A,u;.

Bounds on Waiting Time and Backlog

Network Calculus gives computational rules for bounding the waiting time and
backlog. Before discussing how these bounds are obtained, we need to define
the service curve and the horizontal deviation concepts:

38




Service Curve: Assume A;,(t) and A,,.(t) are given functions. We say that
the system S offers the input a service curve g if and only if for all ¢ > 0,
there exists some s, 0 < s < ¢ such that :

Aou(t) — Ai(t — 5) > B(s) (2.29)

where 3(t) > 0 for all ¢t > 0.

The service curve is an abstract concept, and indicates the capacity of sys-
tem in accommodating traffic during a time interval of length s. Roughly
speaking, 3(s) is a lower bound on the amount of traffic that can depart from
the system during any time interval of length s, that is Ay (t) — Aow(t—s) >
B(s). To better understand the physical meaning of B(s) we write the equa-
tion 2.29 as

Agalt) > Aun(s) + Bt~ 5) (2.30)

Then, a more precise physical interpretation of 3 is that if s is the beginning
of a busy period, that is the backlog at s is zero (Agu(s) — Ain(s) = 0) and
there are always some data waiting in the system in [s,t], then the system
will send at least 5(t — s) data units in [s, ¢].

Horizontal deviation: The horizontal deviation between the arrival and de-
parture functions denoted by h(A;,, Ay ) is defined as the maximum of all
the waiting time values d(t), and mathematically is defined as

h(Aim, Aout) = max d(t)
= mtax{min{v' >0: Ain(t) < Aot +7)}} (2.31)

Now assume the input traffic to the system is characterized by the traffic
constraint function A}, (¢). This means that for all t > s > 0 (see 2.2)

Am(t) - Am(g) < A:L(t - 3) (232)

Two theorems in the Network Calculus state that the backlog and waiting time
in a system are bounded respectively by the vertical and horizontal deviations
between the traffic constraint function of the input A}, (t) and the service curve
of the system S(t) (see [19,20,35,36]). Since we are interested in the bound
on the waiting time, we only state the theorem that defines a bound on the
waiting time:
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Figure 2.10: a) The transmitter model with N high priority (main) streams.
b) The equivalent model, where the N high priority input streams are replaced
with one equivalent stream.

Theorem 1 Assume a traffic source constrained by A (t) traverses a system
S that offers the service curve B(t). The waiting time d(t) for all t satisfies:

For a proof of this theorem, see Appendix 1.

2.4.2 Waiting-Time Bound in the proposed ITV appli-
cation. ’

We model the multiplexer in our interactive TV application with the model
shown in Figure 2.10-a. In this model, the inputs to the system are N main

40




streams and one incidental stream. The main streams have transmission prior-
ity over the incidental stream, i.e., the multiplexer serves the incidental stream
only when the main stream’s buffers are empty. The rate of the outgoing chan-
nel is constant, equal to C' packets per second. We assume the traffic of the
i** main stream is characterized by the traffic constraint function Af(t). As
discussed in 2.2.1, all the main streams can be replaced with one equivalent
high-priority stream, which is constrained by A% (t) where

N
Ap(t) = 3 Ai) (2.33)

This is shown in Figure 2.10-b. We denote the arrival and departure functions
for the low-priority input (i.e., the incidental stream) by A, £(t) and Ague,1(t).

Our motivation here is to first find the service curve for the low-priority
input. Then, using theorem 1 we will find T;,. Consider an arbitrary time ¢.
Call s < t the beginning of a busy period for the low-priority input, i.e., the
backlog for low-priority input at s is zero (Ain 1(s) = Aout,r(s)) and there is
always some low-priority data waiting in the system during [s,¢]. During [s, ¢]
the high priority inputs can send up to A% (t—s) packets to the system. Hence
the system will send at least C(t — s) — A} (t — s) packets of the low-priority
input in [s,¢:

Aoue 1,(t) — Apur,n(s) = C(t — s) — Ayt — s) (2.34)
Since the backlog at s is zero then we have
Aout,L(t) - Ain,L(S) 2 C(t - 3) - A’;-](t - 3) (235)

It follows from this equation that the service curve for the low-priority input
is B(t) = Ct — A3 (1).

The traffic constraint function for a constant bitrate incidental stream
is given by

;(n,L (1’) =Rt

where R is the rate of the stream. We use theorem 1to find the maximum
waiting time T, in the proposed ITV application. That is, we consider a
hypothetical system where the arrival function is A}, ,(t) and the departure
function is B1,(t). Theorem 1 states that T, defined as the maximum of d(t), is
given by the horizontal deviation between A, ; and 8y, i.e., To, = h(A},; 1, BL),

where B1(t) and Aj, ;(t) are given in equations 2.35 and 2.36.
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Algorithm 1 Find Tw .
INPUTS: (0;,p;) pairs for ¢ = 1,2,...,m; the incidental stream rate R; the
incidental stream duration T and the channel rate C.
OUTPUT: Tw
1: for i=1tomdo

2 t, = Ti—170%
' ¢ Pi—pPi-1
t; is the abscissa of the intersection of the 3** and i — 1** line segments of
Br

3 dy = (R—CHpi)xtto;

d; is the llogzontal distance between the R x ¢ and §(¢;).
end for
if T # oo then
Find 77 such that g, (T") = R xT
dp=T1"-T
else
if max;{C — p;} < R then
10: dp = oo
11:  else
12: dr =0
13:  end if
14: end if
15: Tw = max{dr, max;{d;}}
16: RETURN

SR R A

Figure 2.11: Pseudo-code of our algorithm to find T,.

2.4.3 Our Algorithm to Find T,

Our algorithm is presented in Figure 2.11, which uses the method presented
in the previous section and finds 7,,. The inputs to the algorithm are the
m parameter pairs (o;, p;) of the main stream constraint function A% (t), the
channel output rate C, the duration of the incidental stream 7" and the rate
of the incidental stream K. We have

Br(t) =Ct — Ay(t) =Ct — miin{ai + pit} - (2.36)
B(t) = miax{—-ai +(C — pi)t} (2.37)

As shown in Figure 2.12, G (t) is a convex piece-wise linear and non-decreasing
function. First, the algorithm finds ¢; for < = 1,2, .., m, where ¢, is the abscissa
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Figure 2.12: £ (¢) and A} (¢).

of the intersection of the ¢** and ¢ — 1** line segments of By. In the next step,
the algorithm computes the horizontal distance d; between A} and B (t) for
t=t;,1=1,2,..,m (see Figure 2.12):

A=t — - 2.38
i =t R R . ( )

If the incidental stream is a video or audio sequence of length T, then
the horizontal deviation at t = T is computed and denoted by dr. Otherwise,

that is if the incidental stream is a video or audio sequence with an unlimited
duration, the algorithm checks if 8. (¢) < Rt for very large time intervals (i.e.,
for t — oo). If this condition is not met, it means that the system cannot
guarantee any maximum waiting time and dr is set to co. Finally, T, is found
as the maximum of all d;’s and dp.

2.5 Results

In this section, we present the numerical results of implementing the meth-
ods presented in this chapter. First, we will evaluate the performance and
accuracy of our model fitting methods presented in sections 2.3.2 and 2.3.3
by comparing them with the current methods in literature [1,17]. Then, we
will present the results of implementing our admission control scheme using
empirical traffic traces from video sequences of typical TV programs. These
results demonstrate how the rate R and the maximum waiting-time 7, depend
on each other in a typical digital TV system.
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2.5.1 Numerical Results of ‘Model Fitting’ methods

In our first experiment, we evaluated the performance and accuracy of our
model fitting methods presented in sections 2.3.2 and 2.3.3 by comparing them
with the current methods in literature [1,17]. The traffic source used in our
experiment is an MPEG-2 video stream from the motion picture “Mission
Impossible”. This video stream was encoded with constant picture quality,
with picture resolution 720 x 480, frame rate 30 and maximum bitrate of 4.5
Mbps. The length of this video was about one hour, which corresponds to
N =~ 10° frames.

In our simulation, the time parameter is an integer number ¢ € N =
{0,1,2,...} that represents the GOP number in the MPEG video stream.
Since the frame rate of the video stream is 30 fps and the GOP size is 15, each
GOP is 0.5 seconds. Thus, the 25 minutes sequence represents 3000 GOPs.
The traffic in our simulation is also discrete and represents the number of
packets. We use constant size packets of 184 bytes. This conforms to the digital
TV and MPEG-2 standards®. For example, if a source generates 2 MBits
in the time interval [0,.5] (i.e., in the first GOP), then the discrete traffic is
represented by y(1) = ceil[(2x10°%)/(184x8)] = 1359 packets. In order to make
the results transparent from the maximum bitrate of the source, we normalize
the traffic to 1 by dividing y by its maximum. For example, in the previous
example, if the maximum bitrate of the source is 4.5 Mbps and GOP-time = .5

seconds, then we have y(1) = Cefﬂi[(sz: 110%62'/5()1/%; 4838)] = 1359/1529 ~ .88.

In our first experiment, we construct the empirical envelope E(t), and
compare the speed of our algorithm with otlier methods in the literature. We
construct E(t) using the direct method [17], the largest sub-additive extrap-
olation method [1], the repetition extrapolation method [1], and our methods
presented in Section 2.3.2. Table 2.1 summarizes the computation time of

each method. As shown, our algorithm speed is almost the same as that of the

repetition extrapolation approach, and both are considerably faster than the
direct method. However, the extrapolation approaches do not estimate E(t)
for t > 7 closely, while our method finds the exact samples .of E(t) for t > 7
(see Figure 2.5).

In our second experiment, we fit a (&, ) model to the whole empirical

5The American and the European digital TV standards employ the MPEG-2 transport
stream (TS) syntax for the transmission stream. Each packet in MPEG-2 TS syntax contains
184 bytes of data payload plus 4 bytes header.
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Computation Method | Execution time
(seconds)
Direct 161.27
approach
Repetition extrapolation 17.28
T =200
Sub-additive extrapolation 150.48
T = 200
Our sampling method 23.60
T = 200, delta = 50
Our sampling method 16.24
7 = 200, delta = 100
Our sampling method 7.89
T = 200, delta = 200

Table 2.1: Execution time in seconds for calculating E(t) for 1 <t < 10000.
Simulations were run on a PC with pentium IV processor at 1.7 GHz, using
Matlab implementation.

envelope E(t) using our method presented in Section 2.3.3, and the heuristic
method presented in [1]. We computed the error function vazl f%ﬁ as a
metric for the accuracy of each model. Table 2.2 summarizes the results. As
shown, our method results in a more accurate model for the source than the
method in [1].

In order to evaluate the effect of our sampling approach on the accuracy
of the constructed (&, ) model, we fit a (&, ) model to the empirical envelope
constructed by our sampling approach. Table 2.3 summarizes the results. As
shown, the model parameters and the error function for the models constructed
from the samples of E(t) are fairly close to the models constructed from the
whole E(t).

In our next experiment, we evaluate the accuracy of our method with
respect to achieving high bandwidth utilizations. For this purpose, we use
a metric that determines how closely a particular model A*(t) approximates
E(t) with respect to bandwidth utilization [1]. We consider a single FCFS
multiplexer with a switch that operates at » = 155 Mbps. We assume that all
the input traffic sources connected to this switch are from the same source,
which are all characterized by A*(t). We also assume that all the sources
have an identical delay bound d. Assuming n sources are connected to this
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our method method in [1]
0 1.0000 0 1.0060
53.4927 0.3805 50.1352 0.3063
(7,7) | |11.4585 0.4622| | [13.4325 0.3293

2.9396 0.5837 3.5398 0.5644
1.7966 0.6573 1.2903 0.6888
Error 65.47 93.96

Table 2.2: Comparison of our method with the method in [1] for finding the
(¢, p) parameters. E(t) constructed for all 1 <t < N.

entire envelope 6 = 100 d = 400

0 1.0000 0 1.0000 0 1.0000
53.4927 0.3805 53.4511 0.3805 90.5083 0.3567
(&,7) 11.4585 0.4622 12.6243 0.4546 40.9453 0.3961

2.9396 0.5837 4.4318 0.5515 13.9549 0.4475
1.7966 0.6573 2.3172  0.6117 6.6479 0.5189
Error 65.47 76.74 84.12

Table 2.3: The model parameters constructed from the entire envelope (second
column) and from E(t) for 1 < ¢ < 7 and samples of E(t) at t.= id for
1<i<n 7=200,n6 =N.

switch. Then, as discussed in [15], these sources are supported by this FCFS
multiplexer without maximum waiting time violation if and only if

d>Y A(t)—txr, V20 (2.39)
=1

We define the ‘utilization ratio’, U(A*,d), as the number of admissible sources
using A*(t) to the number of admissible sources using the empirical enve-
lope E(t) at maximum waiting time d. Particularly, U(A*,d) is the maxi-
mum 7 that satisfies equation 2.39, divided by the maximum m that satisfies
d>Y" E(t)—txrfor V& > 0. U(A*,d) shows how closely A*(¢) approx-
imates F(t) with respect to bandwidth utilization. An ideal model, which
admits the same number of streams as the empirical envelope, results in the
constant U(A*,d) = 1. Figure 2.13 shows U(A*,d) for a (&, ) model of size
4, constructed using our method and the method presented in {1]. As shown,
our method results in a higher utilization ratio than that of the method in [1].

Figure 2.13 also shows the utilization ratio for a (&, 5) model constructed
from samples of E(t). As shown, the utilization ratio for the model constructed
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Figure 2.13: Utilization ratio, U(A*,d).

from samples of the envelope is very close to the utilization ratio for the model
constructed from the entire envelope. This means that using some samples of
E(t) are sufficient to construct an accurate (&, p) model and the computation
of the entire envelope is not required.

We also study the utilization ratio curve for different parameters ¢ and
7. In practical applications, § and 7 should be selected such that the utilization
ratio is close to one for the selected delay bound d, and the computation
time is reasonable for the application. Based on this experiment, we suggest
100.< 7 < 300, and § = 7. This selection results in a reasonable utilization

ratio for almost all maximum waiting times d.

2.5.2 Numerical Results of ‘Admission Control Mecha-
nism’

In this section, we present the results of applying our admission control method
to a typical digital TV programs. All the video sequences used as the main
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Sequence Name Source type
1 | Mission Impossible Action movie
2 Muppets Children TV show
3 News News show
4 Talk Show Oprah Winfrey Show
4 Documentary Documentary
5 Court Show Judge Judy show
6 Muppets show Sesame St. show
7 Soap opera Days of our lives
8 Cartoon Tigger movie

Table 2.4: Video sequences used in our study.

Compression Standard MPEG-2
Resolution 720 x 480
Rate 4.50 Mbps
Frame rate 30 fps
GOP size 15
Number of P frames in each GOP 4
Number of B frames in each GOP 10

Table 2.5: Encoding parameters for the video streams used in our study.

video streams (see table 2.4) were selected from typical TV programs. These
video sequences were encoded with constant picture quality, and with a maxi-
mum bitrate of 4.5 Mbps. The picture quality of these videos was subjectively
selected to be at a satisfactory level for TV applications. The length of every
sequence used was 25 minutes. Table 2.5 summarizes the encoding parameters
of the video sequences used in our simulation.

By studying the empirical envelopes of the main video sequences, we
observed that with m = 5 (o, p) pairs one can accurately model the video of
most TV programs. Therefore, we select m = 5 in our application. Figures
2.14 and 2.15 show the empirical envelopes and the fitted (7. 5) models for
the traffic sources. Table 2.6 shows the numerical value of the (&, p) model
parameters for each source. As shown, E(t) is an increasing function where
E(t)/t =~ 1 for small t’s, and dE(t)/dt is approximately the average rate of the
source for large t’s. E(t) drops faster for large t’s in video sources with simple
content than video sources with active and complex content. The fitted (7, 7)
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Figure 2.14: A*(t) and E(t) of video sequences’ of typical TV programs, a)
Mission Impossible, b) News, ¢) Talk show, d) Documentary.

model with five (g, p) pairs is also shown in these figures. The (o, p) pairs
are selected such that (o1,p1) = (0,1) and the rate parameter of the last
(o,p) pair (i.e., ps) is the average rate of the source. As shown, the model
can approximate the E(t) very well with only a few (o, p) pairs in the (&, j)
model.
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Figure 2.15: A*(t) and E(t) of video sequences’ of typical TV programs, a)
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Sequence Name (&, p) parameters
[60.5602 0.6376]
20.1277 0.7025
1 | Mission Impossible 11.3654 0.7332
7.8706 0.7615
| O 1.0000 |
100.9816 0.5018]
30.4283 0.5727

2 | News 12.9072  0.6938
2.1920  0.8130
0 1.0000

[27.7782 0.4642]
11.0175  0.4860
3 | Talk Show 49481 0.5433
17709 0.6584
| 0 1.0000]
[103.1472 0.6157]
53.8328 0.6629

4 | Documentary 20.7147 0.7503
45189  0.8782
0 1.0000 |

[16.7626 0.4403]
5.8024 0.6030
5 | Court Show 2.3032 0.7112
0.6417 0.8298
. © 1.0000 |
40.4100 0.8688]
36.5059 0.8703
6 | Muppets show 34.3194 0.8740
3.8070 0.9445
| 0 1.0000 |
[53.4927 0.3805]
11.4585 0.4622
7 | Soap opera 2.9396 0.5837
1.7966 0.6573
L O 1.0000 |
[23.4084 0.8482]
8.3675 0.8680
8 | Cartoon 4.6805 0.8811

: 0.6067 0.9556
0 1.0000 |

Table 2.6: Numerical values of (7, 5) model parameters for the main video

sequences used in our simulation.
-
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Simulation parameter | Simulation parameter
set I (cable medium) | set II (terrestrial medium)
Transmission rate 19.8 Mbps 39.8 Mbps
Number of TV programs 4 8
sharing the channel, N
Maximum bitrate assigned | 4.5 Mbps 4.5 Mbps
to each main video stream .
Transmission capacity 18 Mbps 36 Mbps
reserved for video streams
Transmission capacity 1.8 Mbps 3.8 Mbps
reserved for audio streams
and other ancillary data
Main video stream 1. Mission Impossible | 1. Mission Impossible
sources 2. News 2. News
3. Talk Show 3. Talk Show
4. Documentary 4, Documentary
5. Court Show
6. Muppets show
7. Soap opera
8. Cartoon

Table 2.7: Simulation parameters.

After fitting a (&, p) model to each video sequence, we conducted an-
other set of experiments where we considered a system similar to Figure 2.10,
which consisted of N main (high-priority) streams and 1 incidental (low-
priority) stream. This system simulates the head-end of a digital TV trans-
mission system. We conducted two experiments using two different simulation
parameters, as shown in Table 2.7. The first set of parameters are selected to
simulate cable transmission medium, while the second set simulates a terres-
trial medium®. As noted, no portion of the transmission capacity is reserved
for incidental streams. 4

In order to illustrate the relation between R and 7, for the incidental
stream, we plotted R versus T,, as shown in Figure 2.16. This graph is inter-
esting as it provides exemplary numerical values for the rate of an incidental
stream in a typical digital TV transmission system. As we expécted, R is an

6A 6 MHz channel in the cable medium is capable of delivering digital data at the 19.8
Mbps rate. This capacity is usually shared by 4 or 5 TV programs. In terrestrial medium,
a 6 MHz channel is capable of delivering at the 39.8 Mbps rate, which is usually shared by
8 or 9 TV programs.
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increasing function of T,,. This means that by allowing a larger waiting time in
the multiplexing system, the system can accept higher rate incidental streams.
However, for very large T,,, R becomes constant and equal to C — R, where
C is the transmission rate reserved for the main video streams and R, is the
total average rate of all the main streams. This is due to the fact that even by
increasing T,,, R cannot become larger than the channel rate minus the main
streams average rate.

In next experiment, we tested the accuracy of our admission control
scheme via simulation by observing the waiting time of the-incidental streams
data units during multiplexing. The results showed that if an incidental stream
with rate R and maximum waiting time T3, is accepted by the admission test,
then the waiting time of its data units in the system is always less than T,.
However, for the incidental streams which were rejected by the admission test,
the waiting time of some data units was more than 7%, seconds.

2.6 Conclusion

In this chapter, we presented methods for implementing the deterministic ser-
vice class. We employed a model for the traffic of main video sources. We used
the concept of traffic constraint function, and the empirical envelope as the
tightest traffic constraint function. After discussing the current approaches
to deterministic traffic modelling, we selected the (&, 5) model as the traffic
model for our application. We showed that the (&, p) model can accurately
model the empirical envelope of main video sources.

Then, we presented efficient methods for fitting the (&, o) model to a
traffic source. We showed that our model fitting methods result in a more
efficient and more accurate model parameters than other methods in the lit-
erature.

Next, we adapted the newly developed ‘Network Calculus’ theory, and
designed an admission control mechanism for the deterministic service class
of the proposed ITV application. Our admission control mechanism finds the
maximum waiting-time T, for an incidental stream with rate R.

Our simulation results provided some exemplary numerical values for
the maximum waiting-time T, and the rate R of an incidental stream in a
typical digital TV system.

The deterministic admission control scheme presented in this chapter
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Figure 2.16: R versus T,, for an incidental stream. T,, is obtained for each R
using the admission control algorithm presented in Section 2.4.3.
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relies on the traffic constraint function of the main video streams, which is a
worst-case estimate of the traffic a main video source can generate. Therefore,
the obtained T}, is based on the most pessimistic forecast of the system. This
approach is attractive since it ensures that no incidental data packet will be
lost. However, it does not result in high utilization of available bandwidth.
In the next chapter, we will discuss the stochastic service class, where T, is
found such that some data loss is possible, however, this data loss is limited.
Our design of the stochastic service class is fundamentally different from the
deterministic service class, and is based on a different type of traffic models.
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Chapter 3

Stochastic Service Class

Chance favors only the prepared mind.
-Louis Pasteur, A New Kind of Country, 1978.

Overview

This Chapter presents a scheme for implementing the stochastic service class
based on the ‘effective bandwidth’ theory. The effective bandwidth characteris-
tics are exploited. We also show how the effective bandwidth is used to design
an admission control scheme for the stochastic service class of the proposed
ITV application. Using the methods presented in this chapter, one can find T,
for an incidental stream with given rate R and data loss probability p.

3.1 Introduction

In this chapter, we develop a method for implementing the ‘Stochastic Service
Class.” As discussed in Chapter 1, when an incidental stream is added to a TV
program using the stochastic service class, the transmitter does not guarantee
to send all the incidental data units on time (i.e., before their transmission
deadline). The data units which are not transmitted on time are considered
lost data. Therefore, some incidental data loss is probable in the stochastic
service class. However, the rate and waiting time of an incidental stream should
be selected so that the data loss probability is less than a threshold. Therefore,
an incidental stream that is to be transmitted using the stochastic service class
should be first accepted by an admission control mechanism. This admission
control mechanism verifies that the transmitter can send this incidental stream



with rate R and maximum waiting time ¢,, and with a data loss probability less
than a given threshold, say p%. Our ultimate goal in this chapter is to present
a scheme, by which the admission control finds the maximum waiting-time T,
given the rate R and the loss probability p% for an incidental stream.

A key issue in implementing the stochastic service class is to find a
suitable traffic descriptor, which encapsulates the stochastic properties of the
main streams traffic. Then an accurate admission control using the selected
traffic descriptor should be designed. Our approach here is based on the theory
of ‘effective bandwidth’. The main motivation behind this theory is to provide
a measure of bandwidth usage by a traffic source in a communication network,
which can adequately represent the statistical characteristics of the source.
In this theory, each traffic source is described with a traffic descriptor called
‘effective bandwidth curve’. This theory then provides mechanisms to find
a level of statistical service guarantee for usual network operations, such as
multiplexing, buffering, etc. We use this theory to design the admission control
mechanisms of our application problem.

The rest of this chapter is organized as follows. In Section 3.2, the
effective bandwidth is defined and its characteristics are described. In Section
3.3, we show how the effective bandwidth is used to bound the data loss in
general network operations. Based on this theory, we design an admission
control mechanism for the stochastic service class in Section 3.4. In Section
3.5, we discuss the current approaches to the numerical estimation of the
effective bandwidth curve.

3.2 Effective Bandwidth

The theory of effective bandwidth was first introduced in the early 1990’s by
Gibbens and Hunt [37], Kelly [38], and Guerin et al [39]. Since then, this the-
ory has attracted much attention from both the mathematics and engineering
communities, and emerged as a powerful but complicated mathematical the-
ory. Currently a great effort is in progress to expand the effective bandwidth
theory and its applications.

The associated mathematical theory of the effective bandwidth concept
is built upon the theory of Large Deviation Principle, LDP, which studies the
tail properties of probability distributions. The effective bandwidth of a source
is closely related to the moment generating function of the arrival process of




the source. The moment generating function of a random variable contains
more information about the stochastic characteristics of a process than its
mean. Hence, traffic characterization methods based on the effective band-
width function are more accurate than the widely used traffic characterization
methods based on ‘Poisson processes’, which rely on the average rate.

A useful interpretation of the effective bandwidth concept is that the
effective bandwidth theory gives the probability of a traflic source generating
traffic at a rate higher than its average for a long period of time. More precisely,
let us denote the instantaneous rate of a traffic source by y(¢) and the average
rate of the source by p. Then we expect Ztr:1 y(t) to be close to pt for large t’s.
Effective bandwidth theory bounds the probability that Zizl y(t) ~ ta, where
a > p. Hence, under some mild conditions, the effective bandwidth theory
gives the probability that a variable rate source generates traffic that is equal
to a constant rate source with rate a during a long period. The probability
that the source follows the effective bandwidth model is incorporated into the
model through a parameter named ‘scale factor’, 8. Therefore, the effective
bandwidth is a function of the scale factor, usually denoted as «(f). The
effective bandwidth value lies always between the average and the peak rate
of the source. Higher levels of certainty result in a larger 8 and an effective
bandwidth that is closer to the peak rate, e.g., a certainty value equal to one
corresponds to § = oo and a(00) is the peak rate of the source.

The effective bandwidth concept can be viewed as a compromise be-
tween two alternative bandwidth allocation schemes, a pessimistic outlook
and an optimistic one. In the pessimistic case, one uses a strict approach to
bandwidth allocation, where the bandwidth allocation is based on the sources
peak rate. This approach seeks to eliminate data loss. In the optimistic case,
one uses a lenient approach to bandwidth allocation, where the bandwidth
is allocated based on the source’s average rate. This approach seeks to gain
high bandwidth utilization. The effective bandwidth «(f) gives a spectrum
between these two approaches, where the scale factor 0 < 8 < co determines
how lenient or strict this approach is.

In next Section, we first briefly review the large deviation principle

concept. Then, we present a precise definition of the effective bandwidth in
Section 3.2.2.




3.2.1 Large Deviation Principle

As mentioned, the theory of effective bandwidth relies on the ‘Large Deviation
Principle’, LDP. Large deviation principle is a theory that studies the tail
properties of probability distributions. This theory refers to a collection of
techniques used for estimating properties of rare events, such as the frequency
of their occurrence, or the most likely manner of their occurrence.

Large deviations do not apply to any event that has a very low proba-
bility of occurrence. Roughly speaking, a large deviation event is caused by a
large number of unlikely things occurring together, rather than a single event
of small probabilities. For example, winning a lottery cannot be studied with
large deviations, since it is a single event composed of a single trial and cannot
be broken into more than one sub-event. However, the probability that the
average grade of a class in an easy exam becomes very low can be considered
a rare event, since it can be decomposed to the improbable sub-events that
each individual student gets a very low mark. In the proposed ITV applica-
tion, a large burst of traffic is generated by a source when the source starts
sending traffic at a rate higher than its average, and continues to do so for a
long period of time. Therefore, the occurrence of a large burst of traffic can
be broken into many low-probability sub-events.

One can consider LDP as a tool to turn the probability problems into
deterministic optimization problems. Loosely speaking, to calculate the prob-
ability of a rare event, one assigns a cost to each sample path that would cause
an event to occur. In the example of having a very low average grade for a big
class in an easy exam, a path is that all the students get a low mark, and an
alternate path is that many students get zero and only a few get very good
marks. Then one finds the cheapest (or the most probable) path in that set
of sample paths. The probability of event is then estimated by:

P(event) = e~mxeonst (3.1)

where n is an asymptotic parameter, usually the length of time over which we
observe the process. Therefore, one can think about the rare events in terms
of sample paths and costs, and to find the probability of a rare event, one can
simply consider the cheapest way that the event can happen.
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General Definition Of LDP.

Let y(1),y(2), ... be a sequence of a random processes. Let Y () = S_0_, y(7).
We say that Y (1),Y(2), ... satisfies the large deviation principle with the rate
function I if (see {40]) :

1. For every closed set C C R we have

lim sup 1 logP(Y(n) € C) < — inf I(a) (3.2)

T—00 n acC

2. For every open set G C R, we have

1
lim inf = log P(Y(n) € G) > — inf I(a) (3.3)
n—o0 n aeG

It is shown in the LDP theory that if the random variable Y has a finite
moment generating function E(e?") for all 8, where E denotes expected value,
then Y satisfies the large deviation principle with the rate function I = A*
where:

A(9) = lim % log E(e?Y ) | (3.4)
A*(a) = SL;p[()a — A(6)] (3.5)

A(0) is called the ‘Gartner-Ellis’ limit. A*(a) is called the ‘Legendre Transform’
of A(6). Also, it is shown that A*(a) has the following characteristics:

1. A*(a) is non-negative, i.e., A*(a) > 0

2. A*(a) is strictly increasing in a.

3: A*(a) attains its minimum at a = E(y), i.e., at the average of y.

4 A(E(y)) =0

5. A*(a) is convex, i.e., A*(aa; + (1 — a)as) < oA (a) + (1 — a)A"(a)

6. If A*(a) is the Legendre transform of A(#), then A(f) is the Legendre
transform of A*(a) as well, i.e., (A*)*(#) = A(#). For this reason, the
two functions A* and A are called Legendre transform pairs.
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3.2.2 Effective Bandwidth Definition

Let y(t) denote the instantaneous rate of a traffic source. The arrival process
is defined as Y(t) = Y.'_,y(7), which is the total traffic generated in [0,1].
Then the effective bandwidth for this source is defined as (see [41])

lim — log E(e?Y®), v e RT (3.6)

- t—co Ot

()

Parameter 6 is called scale factor. By definition, ¢, (0) = E(e?Y®) is the mo-
ment generating function of the random process Y (¢). Therefore, the effective
bandwidth of a traffic source is closely related to the moment generating func-
tion of the arrival process of the source. Figure 3.1 shows a typical effective
bandwidth curve for a traffic source with bounded peak rate. It has been
shown that [41]

1. «(f) is a non-decreasing function of 8.

2. a(f) lies between the average and peak rate of the source, ie., E(y) <
a(f) < 7, where 7 denotes the peak rate of the source y.

3. If we have N sources, each with arrival process Y;(t), and if Y(¢) is the
multiplexed stream of these sources, i.e., Y (t) = > . Y;(t), then:

a(f) = Z o (6) (3.7)

4. It is shown that the shape of a(f) around 8 = 0 primarily depends on the
mean, the variance and the higher moments of Y'(¢), while.the shape of
a(8) for large 0’s is primarily influenced by the tail distribution of Y'(¢)
around it’s maximum. This can be justified using the Taylor expansion
of a(f) at § =0 and 1/ = 0.

a(B) = n1 + mb + O(6%) (3.8)
() = ms — g + Ol) (39

It is shown that n; = E(y), n2 = %var(y), 13 = 7 where 7§ is the peak
rate of y and 7, is the average length of the periods that y is equal to its
maximum, that is 7 is the average length of burst periods [41].
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Figure 3.1: A sample effective bandwidth curve «(#), and A(#), A*(0) and
inverse of the effective bandwidth function I(c) = a~'(#). The average rate of
the source is .448.

3.2.3 Physical Interpretation of Effective Bandwidth

One useful physical interpretation of «(6) is that of using the effective band-
width concept to approximate the behavior of a VBR source with a constant
rate. Suppose y(t) has a finite mean value E(y) = p. We know from the law
of large numbers that with probability 1, Y(t)/t — p as t — oo. Thus the
probability that Y ()/t is away from p goes to 0 as t increases. In the the-
ory of large deviation principal, it is shown that this convergence to 0 occurs
exponentially fast, that is, for a > p,

lim %log P(Y(t) > ta) = ~A*(a) (3.10)

where A*(a) is known as the rate function. Roughly speaking, equation 3.10
states that
P(Y (t)/t =~ a) = 7@ (3.11)
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Therefore, the value of A*(a) indicates how difficult it is for Y (¢)/t to be close
to the constant rate a. A*(6) is related to a(6) with A*(a) = supy[fa — fa(8)).
That is A*(a) is the Legendre transform of 8a(6).

3.3 Quantifying Data Loss in Communication
Networks Using Effective Bandwidth

In this Section, we describe how the effective bandwidth concept is used for
quantifying the probability of loss in communication networks. Let us first
consider a simple buffering model, where a single buffer of size B is filled by
data from a variable rate source with rate y(t), and is emptied at constant
rate c. (see Figure 3.2). Let W(t) denote the buffer workload at t. ¢ is
selected to be greater than the average input rate, but less than the maximum
input rate. Therefore, we expect some data workload to build up in the buffer
occasionally, and also that the buffer becomes empty regularly. It is shown
that the probability of the buffer overflow, i.e., the probability that starting
with an empty buffer the workload exceeds the buffer size before the buffer
becomes empty again, is bounded as

BW(t)> B) <p (3.12)

where p = e~B%". 0* is selected such that a(f*) = ¢ and ¢ is large'.
" Equation 3.12 also gives a bound on the buffering delay, defined as
a(t) = W()/e,
P(d(t) > D) <p=e ™" (3-13)

where D = B/c is the maximum acceptable buffering delay.

Validity of equations 3.12 and 3.13 have been proven [41-43]. An intu-
itional proof of these equations can be given based on equation 3.11 as follows.
Note that a buffer overflow in this simple buffering model happens if the input
has the rate a > ¢ for at least B/(a — ¢) time units. According to equation
3.11, the probability that the input behaves in that way is approximately

exp{— A*(a)} (3.14)

a—cC

INote that the buffer workload random process, W(t), converges to a marginal distribu-
tion as ¢t becomes large enough, usually denoted with W,. Therefore, P(W(t) > B) actually
denotes the tail properties of the W, distribution.
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y(t) ¢

Figure 3.2: A simple buffer of size B, filled at variable rate y; and emptied at
constant rate c.

where the parameter a can be any value larger than ¢. Let 0% be selected
such that «(6*) = ¢. Then the probability that buffer occupancy reaches B is
approximately given by:

B .
p= Z exp{——mA (a)} (3.15)

a>a(8*)

Now we approximate this sum of exponentials with the exponential with the
largest exponent, that is, by '

B *[ %
p= eXP{—mA (a™)} (3.16)
where a* is such that
M) g, A9 (3.17)

a* —a(f*)  aoar) a— a(6*)
However, from the definition of A* in equation 3.5, it can be noted that A*(a) >

fa — B () for all 6. Hence we have min _Aa) = 0" and
a>a(67) a — a(6*)

p~ e B (3.18)

Therefore, one can say that «(6) is the rate at which the buffer must be
emptied so that the buffer overflow probability decays exponentially with rate
6.

3.3.1 Data Loss Probability in a Queuing Model with
Priority

We consider a simple system with two prioritized inputs as shown in Figure
3.3. The inputs are buffered at two different buffers of size By and By, and are
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A Multiplexer with prioritized inputs determining the low-priority buffer

overflow probability

Figure 3.3: A simple multiplexer model with prioritized inputs.

then multiplexed to one output with constant rate c¢. The high-priority input
has primitive priority over the low-priority input, which means high-priority
packets will never be impeded by low-priority packets.

Let yy(t) and yp(t) be the rate of the high-priority and low-priority
inputs at t respectively. The cumulative arrival functions for these inputs are
denoted by Yy and Y}, where we have

Yu(t) => yu(r), vt >0
YL(t) = zt:yL(T), vt >0 (3.19)

Also, let 7, and 7, denote the maximum rate of the input sources. The output
rate c is such that 75 < ¢ <Gy + .. Therefore, the high-priority buffer will
never overflow, while it is possible that the low-priority buffer overflows. Also,
c is greater than the average of yg + yr, which means that the low-priority
buffer becomes empty regularly. Let p denote the probability that the low-
priority buffer overflows.

Let Wi (t) be the low-priority buffer workload at t. The low-priority
buffer overflows if W (¢) > By. During [0,t] the high-priority source sends
Yy (t) bits to the system and the system will transmit ¢ x ¢ — Yy (t) bits from
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the low-priority buffer data. Therefore, we have

Wi(t) = Yi(t) = (e x t = Yiu(t))
— (Yu(t) + Yu(t) —ext (3.20)

and thus

H‘D(WL(t) > BL) = H‘D((YL(t) + YH(t)) —cXt> BL) (321)

The right hand side of this equation can be interpreted as the probabiliﬁy
of buffer overflow in a hypothetical single buffer of size B, filled at rate
yr(t) + yu(t) and emptied at rate c¢. Therefore, in order to study the data
loss probability of the low-priority source, we can replace the prioritized model
with another model, which has a single hypothetical buffer of size By, filled
at rate yr(t) + yu(t), and emptied at rate ¢, as shown in Figure 3.3-b. Then,
as discussed in Section 3.3, if 6" is selected such that cy(6%) + ar(8%) = ¢, we
will have p = e™B%" or B = —log(p)/6".

If the low-priority input source has a constant input rate R (i.e., y.(t) =
R for all t), then we can find a bound on the time that the low-priority data
units wait in the buffer. Let say that W, data units of the low-priority input
are waiting in the buffer, as shown in Figure 3.4. Let d(¢) denote the time
that data unit #1 has being waiting in the buffer. Then, since the buffer
fill up rate is constant, we have d,(t) = Wy (t)/R. Therefore, P(d.(t) > d) =
P(W(t) > R xd). Note that if the low-priority source is a variable rate source
rather than a constant rate source, then this method will not be applicable.

When the low-priority source has constant bitrate, we have

P(W. (1) > Br) = P((Yo(t) + Yu(t) —c x t) > By) (3.22)
:P((th+YH(t)—CX t) > BL) (323)
= P(YH(t) — (C - R) xXt> BL) (324)

which means that P(W,(¢) > Bp) is equal to probability of loss in a buffer
of size By, filled with the high-priority source at rate yg(t) and emptied at
constant rate ¢ — R.

Now we extend the simple model in Figure 3.3-a to a system with
N high-priority inputs and one low-priority input, as shown in Figure 3.5-a.
In this model, N high-priority sources are multiplexed with one low-priority
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Figure 3.4: A simple buffer filled at constant rate R and emptied at variable
rate c. If the buffer workload is W, then we know that the first data unit has
waited Wy /R seconds in the buffer.

source. The #** high-priority input has the instant rate of yg;, maximum rate

of Ty, and effective bandwidth of «;(f). The maximum rate of multiplexed
stream is c. ¢ is selected such that SN T <c<7Tp,;+ SN Ty, therefore
the high-priority buffers never overflows, but it is possible for the low-priority
buffer to overflow. It is easily noted that the probability of the low-priority
buffer overflow is given by P(W,(t) > Bp) = P((YL(t)+ 3oy Yira(t)) —ext >
Bp), where Y}, is the arrival process of the i*" high-priority input. As stated
in property 4 in Section 3.2.2, the effective bandwidth of a multiplexed source
is simply the sum of the effective bandwidths of all the sources. Therefore,
the probability of the low-priority buffer overflow is bounded by e=5%
0* is selected such that ap + Zf\il a;(0*) = c¢. If the low-priority source
has a constant rate, then ay(f) = R for all §; and 6" is selected such that
Zilil o;(0")=c—R

, where

3.4 Admission Control for the Stochastic Ser-
vice Class

In this Section, we describe how the effective bandwidth, and the queuing
model presented in Section 3.3.1, are adapted to design an admission con-
trol test for our interactive TV system. Suppose N television programs are
sharing one transmission line with constant capacity c¢. We assume that each
main video stream is characterized by a known effective bandwidth curve, say
a;(0) for the i*" main video. Now suppose an incidental stream with constant
rate R, maximum waiting-time d, and probability of violating the maximum
waiting time constraint of p, is requested to be added to the system using
the.stochastic service class. The multiplexer system can be modelled with
the buffering system shown in Figure 3.5. As discussed in Section 3.3.1, the
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Figure 3.5: A simple multiplexer model with N high-priority and one low-
priority inputs.

following equations hold

p=e B

B=Rxd

> a6)=c-R (3.25)

i=1

Hence, given two out of three parameters R, d and p, one can use the equa-
tion 3.25 to determine the third un-known parameter. If the triple (R, d,p)
conforms to the quality requirements of the connection request, then the con-
nection request is accepted.

3.5 Numerical Estimation of Effective Band-
width

In this section, we describe the current approaches to estimating the effective
bandwidth of a source. Before doing so, it is noted from the definition of
effective bandwidth (equation 3.6) that «(é) closely depends on the ‘moment
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generating function’® of the arrival process of the source. Therefore, to es-
timate the effective bandwidth, one should estimate the moment generating
function or all the generating momentums?® of the arrival process of the source,
which is a very complicated task. Also, note that in many applications such
as in the proposed [TV application, the whole effective bandwidth curve, i.e.,
a(f) for all 8, should be estimated. This actually makes the estimation process
even harder.

Current approaches to numerical estimation of effective bandwidth are
as follows. '

1. Direct Approach Recall that the effective bandwidth o is defined by

1
af) = grro]o p log E(efY9)

Thus, by monitoring the traffic one can use

CYka(Q) - 9—1k—1 log(m-l z eB(Y(lcxi)-Y(kx(i—l))) (327)

i=1

as an estimator for « [43-46]. This approach is attractive since it cir-
cumvents modelling the traffic source. However, this approach takes a
very long time to converge to an accurate result. According to [43], an
accurate estimator of a(#) requires that both k£ and m be large. So, the
monitoring time & X m may in fact be very lengthy.

In {45}, a technique called re-sampling or boot strap is proposed for this
problem. In these approaches some synthetic data are generated, which
are similar to the original data in ‘some sense’ [47-49]. These synthetic
data are used along the original data, as a data set with a larger sample
size, to estimate «(6) using equation 3.27. However, this approach intro-
duces two important and problematic issues. First, we should determine

2Moment generating function of a random variable X is defined as

»(6) = E(e"X) (3.26)

3The n** momentum of random variable X is defined as E(X™). All the momentums of
X can be successively obtained by differentiating ¥(8) w.r.t ¢ and then evaluation at 8 = 0,
that is ¥™(0) = E(X™) ,n > 1.
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how the synthetic data are generated. This depends on what kind of
similarity concept is suitable for our data and application. In the origi-
nal bootstrap method, which was developed for i.i.d. random variables,
the empirical distribution of the original samples F' is estimated. Then
new samples are drawn from this distribution F'. However, this method
is not suitable for dependant data. In a method proposed for dependant
data, called ‘moving block bootstrap’, the data is partitioned to blocks
of size b, and the same algorithm is then performed on these blocks.
However, the disadvantage of this method is that it destroys all the de-
pendency of lags larger than b, hence its is suitable only for short term
dependant data. Furthermore, this approach introduces another com-
plication, which is selection of an appropriate block size b. The second
issue in using the bootstrap method is to determine how many synthetic
data are enough to find an accurate estimate of «(#). This question is
usually addressed by either using a large sample size, which is thought
to be sufficiently large in advance, or by continuing to generate synthetic
data sets until the final estimate of a(¢) does not change by adding a
new set of synthetic data. For example, in each iteration we generate
a new set of synthetic data and estimate the (). If this «(f) is close
to the «(f) estimated in the previous iteration by less than a threshold,
then this estimate of «(#) is accepted. Otherwise, more synthetic data
are generated.

In general, this approach is not appropriate for the 'proposed ITV appli-
cation, since the sample sizes from the traffic of a typical TV program are
not large enough to result in an accurate estimate of a(#). Besides, using
the bootstrap method is not appropriate, since the current approaches
to generate synthetic data will destroy many important characteristic
features in our original data.

2. Virtual Buffer Approach In this approach, a virtual buffer of size b is

considered, which is filled with the source and is emptied at a constant
rate ¢, such that ¢ is between the average rate and peak rate of the source
(see [42,44,50,51]). Let a~'(c) be the inverse of the a(f) function (i.c.,
a~l(c) =0 < a(f) = ¢). As mentioned in Section 3.3, the probability of
buffer overflow can be estimated as exp(—ba~!(c)). Therefore, the buffer
workload is monitored in simulation and the empirical distribution of
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between 7(b) and p(b) = exp(—ba~'(c)) is minimized [44]. The distance
measure employed is usually the “Kullback-Leibler distance”* measure
[43,52]. The estimate for a™!(c) is given by:

Yot w(b) .
S0, br(b) — By S0 w(b)

Alternately, if a sufficient size of data is available, one can plot the
logarithm of the loss probability versus b. As shown in [44], this plot

data loss, 7(b), is obtained. Then, a~!(c) is chosen so that the distance

& e) = log(1 +

|
|

has a straight part with slope a~!(c). Hence the slope of this part of
this plot can be used as an estimate for a~!(c).

The disadvantage of this method is that the buffer occupancy should be
simulated for a long time to obtain an accurate estimate for a. This
means that a large sample size is required to simulate the buffer occu-
pancy. Furthermore, this procedure should be repeated for each ¢ to
obtain the effective bandwidth curve, i.e., a(f) for all . On the other
hand, this approach is attractive in that it does not assume any signal
model for the traffic, which circumvents modelling the traffic.

3. Model Fitting Approach This is a two step approach. First, an appro-
priate parametric model for the source is selected, and its parameters
are estimated. Second, the effective bandwidth is numerically computed
or obtained from the model parameters. This approach has been carried
out successfully in many different applications. An important advantage
of this approach is that one can estimate the model parameters in real-
time, and use the current estimate of model parameters to update the
effective bandwidth estimate online.

Model fitting itself consists of several steps, including: 1) Model selec-
tion: a mathematical parameterized signal model should be selected for
the traffic. 2) Model order selection: depending on the selected model, it
is usually necessary to select the model size. There are some systematic

4Kullback-Leibler distance or the relative entropy of two discrete distribution p and q is
defined by

d=3"pilogy (%) (3.28)
% qk

71




approaches to this problem, like Akaike information criterion. Selecting
a larger model size usually increases the complexity of the model. 3)
Estimating the model parameters. For off-line traffic sources, traffic is
known a priori and off-line parameter estimation methods can be used.
This is usually easier than the online case, where the traffic itself is not
know a priori. In online parameter estimation methods, the parame-
ter estimate is usually updated after observing each traffic sample, such
that our estimate converges to the actual value of parameters gradually.
The online methods are usually able to track the changes in the model
parameters.

We employ the traffic modelling approach in the proposed ITV appli-
cation to find the numerical value of the effective bandwidth curve of a traffic
source. This modelling approach comprises three important issues. First, we
should select a suitable traffic model, which can capture the important charac-
teristics of TV video traffic. Second, we should find model parameter identifi-
cation (i.e., model fitting) methods, which can estimate the model parameters
from the actual traffic. Finally, we should design a method for obtaining the
effective bandwidth from the model parameters. We address these three issues
in the next chapter.

3.6 Conclusion

In this chapter, we presented a scheme for the admission control of stochastic
service call. Qur approach is based on the effective bandwidth theory. We
defined the effective bandwidth, and exploited the important characteristics
of this concept. Then, we showed how the effective bandwidth concept is used
to design an admission control scheme for the stochastic service class. Using
the methods presented in this chapter, one can find the maximum-waiting time
for an incidental stream whose bitrate is R and data loss probability is p%.
We also discussed current approaches for estimating the numerical value
of the effective bandwidth curve from traffic samples of a source. We' selected
a modelling approach, where a traffic source is modelled using a stochastic
model, and effective bandwidth is then obtained from the model parameters.
However, we did not indicate which stochastic model shall be used for the video
sources in the proposed ITV application. In the next chapter, we address this
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important problem. That is, we select a stochastic model for modelling the
traffic generated by full-screen video sequences of TV programs. We justify
our model selection by some evidence from traffic samples of video sequences
of actual TV programs. We present methods for estimating model parameters
from the traffic samples. We also show how the effective bandwidth curve
is obtained from the parameters of the selected stochastic model. Using the
methods presented in the next chapter, one can estimate the numerical value
of the effective bandwidth curve for a main video source. Hence, the methods
presented in this chapter, in conjunction with the methods presented in next
chapter, complete the big picture of the admission control mechanism for the
stochastic service class.
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Chapter 4

Video Traffic Modelling

All Models are wrong, but some of them are useful.
Modelling should never be an end to itself, but an aid
to understand our complex world.

-George Box

Overview
Stochastic modelling of main video streams ‘tmﬁic is considered, and General
hidden Markovian models are discussed for these streams. Specifically, Hid-
den Semi-Markov Models, HSMMs, are selected for modelling the main video
streams traffic. A new formulation for HSMMs is presented, which significantly
improves the computational efficiency of HSMM parameter identification al-
gorithms. Based on our new formulation of HSMMs, efficient algorithms for
off-line and online identification of an HSMM parameters are presented. Then,
it is shown how effective bandwidth curve is obtained from HSMM parameters.
Using the methods presented in this chapter, one can estimate the numerical
value of the effective bandwidth curve of a video source. The estimated effective
bandwidth curve is then utilized in the admission control of incidental streams
in the stochastic service class, as discussed in Chapter 3.

4.1 Introduction

In this chapter we seek a stochastic model to characterize the traffic of the
main video streams in a TV network. This model should accurately capture
the important stochastic characteristics of the traffic. Our motivation is to
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use this traffic model to find the numerical value of the effective bandwidth
curve of the source. Hence, our objectives in this chapter are (1) to select an
appropriate stochastic model for video traffic sources, (2) to present a method
for estimating the model parameters from traffic (parameter identification),
and (3) to obtain the numerical value of the effective bandwidth from the
model parameters. As mentioned earlier, this traffic model is then used by the
admission control unit to determine how much bandwidth will be available to
the incidental streams that use the stochastic service class.

Ideally, a good traffic model for our application should be (a) accurate
enough to characterize the important statistical properties of the traffic (b)
computationally efficient, and (c) could be used for obtaining the effective
bandwidth curve. Note that video traffic demonstrates different characteristics
at different time scales. Many of the current modelling efforts strive to capture
the rate variability of traffic at the frame level. In those approaches, periodic
pattern in frame sizes plays an important role in the traffic shape. This periodic
pattern is caused by the frame coding pattern of DCT based video compression
standards (e.g., IBBPBB frame coding pattern in each GOP of the MPEG-
2 standard). For the proposed ITV application, the traffic model should be
able to capture the video rate variability at the GOP level (or scene level)
rather than at the frame level. This is because the waiting-times in buffers in
the proposed ITV application are much larger than the video frame rate, and
hence, rate variabilities due to frame patterns are ruled out by buffering.

The rest of this chapter is organized as follows. In Section 4.2, we review
current approaches.to video traffic modelling. In Section 4.3, we present our
modelling approach, which is based on ‘Hidden Markov Models’, HMMs. In
so doing, we discuss the concept of ‘state-duration modelling’ using the notion
of Semi-Markov signal models. We show that Hidden Semi-Markov Models,
HSMMs, are a better model choice for the proposed ITV application rather
than those based on the previously used HMMs. In Section 4.4, we present the
theoretical background of HSMMs. As will be discussed, the challenging issue
involved in employing HSMMs is that of ‘parameter identification’. We address
this problem in sections 4.5-4.7. For that effect, we first present a novel signal
model for HSMMs in Section 4.5. Based on our new model, we present novel
methods for parameter identification of HSMMs for the off-line and online cases
in sections 4.6 and 4.7. In Section 4.8, we show how the numerical value of the
effective bandwidth curve is obtained from the parameters of an HSMM model.
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Finally, we present experimental results of applying the methods developed in
this chapter to empirical traffic samples of typical TV programs in Section 4.9.

4.2 Existing Stochastic Video Traffic Models

Current modelling approaches for video traffic modelling (also known as ‘source
modelling’ in literature) can be divided into five main classes:

Renewal Traffic Models Renewal models are mathematically simple and
have a long history. These models describe the packets generation at
certain points in time. Let A, be the time between generation of n'"
and (n + 1) packets, then A, in a renewal model is identically dis-
tributed, but its distribution function is allowed to be general. Poisson
and Bernoulli processes are the most popular cases of renewal models
in continuous and discrete-time cases respectively. In a Poisson process,
A, is described by an exponential distribution P(4, < 7) = 1 —e™",
where A is the average number of packets generated per time unit.

These models have the severe drawback that the autocorrelation function
of A,, for any non zero lag is equal to zero. Therefore, these models do
not capture any dependency among the A,,’s in the past nor in the future.

Autoregressive processes Autoregressive (AR) models estimate the next
signal value in a stochastic process as a function of previous signal values.
The most important class of these models is the linear autoregressive
models, with the form

N
Yt = ag + Z Yt T €t (4.1)

i=1

where y; is the random variable, a;’s are real constants, and ¢, is an
i.i.d. random variable with zero mean. More complicated autoregressive
models such as MA (Moving Average), ARMA (Auto Regressive Mov-
ing Average) and ARIMA (Auto Regressive Integrated Moving Average)
have also being considered for modelling video traffic. The drawback of
these models is that they cannot successfully model the marginal distri-
bution of the video traffic [53].
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TES models The Transform-Expand-Sample (TES) modelling approach strives
to simultaneously model both the marginal distribution and the auto-
correlation function of an empirical sample set. This means that TES
models can capture the first and second order statistical characteristics
of a stochastic time-series at the same time.

TES models consist of two classes, called TEST and TES™, where the
plus or minus superscript distinguishes between the cases where the
model gives rise to processes with positive or negative lag-1 autocorrela-
tions respectively. TES models consist of two stochastic processes called
background and foreground sequences [53-55]. Background sequences
have the form:

+ _ )
Un ‘{ Uy 4V, n>0 (4.2)
1-U;7, nodd

U- = { Ut, n even (4.3)
where Uy is uniformly distributed on [0,1), {V,}52, is a sequence of
i.i.d. random variables, called innovation sequence, and the operator ()
denotes fractional part (also known as ‘modulo-1 operator’). It is shown
that the marginal distributions of U} and U, are both uniformly dis-
tributed over [0, 1), regardless of the distribution of V,,. The foreground

sequence is of the form
Xt =DUS) X7 =DUy) (4.4)

where D is a transformation from [0,1) to the real numbers R, called

distortion.

Given an empirical data sample set, TES models select the innovation
sequence V;, and the distortion function D, so that both the autocorrela-
tion function and the density function of the foreground process match
the autocorrelation and density functions of the empirical data.

The most important family of distortion functions consists of a com-
pound distortion function of the from {54, 55]

D(z) = H7Y(Se(z)), =z €10,1) (4.5)




where the inner transform, Sg(z), is a ‘smoothing’ transform called the
stitching transform, and is parameterized by 0 < ¢ < 1, and is given by

| y/¢, 0<y<¢
5elv) ‘{ (—y)/(l-¢), é<y<I (46)

The outer transformation, ﬁ; ! is the inverse of the empirical distribu-
tion function (i.e., histogram) computed from empirical samples {Y,,}_;.

The rationale for TES modelling approach is based on the following facts.
First, all TES background processes are stationary, Markovian, and their
marginal distributions is uniform in [0, 1), regardless of distributions of
innovation process V;, [54]. Second, the inversion method from elemen-
tary statistics, allows any uniform variate U on [0,1) to be transformed
to a desired marginal distribution F' by applying F~1(U). In particular,
TES models use F' = Hy. Third, for 0 < £ < 1 the stitching transform
Se¢(U,,) preserves the uniformity of U,; that is, S¢(U;F) is also uniformly
distributed in [0,1). It is shown that the stitching transform has only
a ‘smoothing’ effect. That is, a sequence {S¢(U;})} is more ‘continuous
looking’ than an underlying sequence {U,f}. It is shown that this trans-
form preserves uniformity, that is S¢(U;) is also uniformly distributed
in [0,1). Hence, it follows that any foreground TES process of the form

Xo = HyH(Se(Un)) (4.7)

obtained from the background process {U,} is always guaranteed to have
the histogram distribution .[:[y, regardless of the selected innovation se-
quence V,, and the stitching parameter £. The choice of the density of
the innovation sequence, fy, determines the autocorrelation function of
the foreground process. Thus, TES modelling decouples the fitting of
the empirical distribution from the fitting of the empirical autocorrela-
tion function. Since the former is guaranteed, one can concentrate on
the latter. In practice, model fitting is carried out by a heuristic search
for pairs (¢, fy). The search is considered successful if the corresponding
TES sequence gives rise to an autocorrelation function that adequately
approximates its empirical counterpart [56-58].

Though TES models have been recently used for modelling video traffic
with acceptable accuracy, their implementation is too computationally
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complicated for practical applications. In practice, the heuristic search
for (&, fv) relies on a brute-force computation and on selecting the best n
combinations of (£, fv) pairs, in the sense that the resulting TES model
autocorrelation function minimizes the mean square error with respect
to the empirical autocorrelation function. Then, another algorithm is
employed to select among the n candidate models the one whose sample
path bears the ‘most resemblance’ to the empirical samples. Further-
more, it is still not known how a TES model can be used for obtaining
performance guarantees in a communication network. Specifically, there
is no method available for obtaining the effective bandwidth of a traffic
source from its TES model

Self-similar or Fractal models These models are based on self-similar pro-
cess models. The self-similarity concept implies that samples of a pro-
cess demonstrate similar statistical characteristics when considered at
different time scales. The key characterizing parameter is the so-called
Hurst parameter, H, which captures the degree of self-similarity in a
given empirical signal. Recently, many researches have used self-similar
process models for modelling video traffic [12,53,59-63]. Most of these
researches deal only with the statistical analysis of data sets, including
the estimation of the Hurst parameter. These studies provide only lim-
ited information about traffic characteristics. Furthermore, very little
research has been done on the analysis of communication networks (or
queues) with self-similar sources.

Markovian Signal Models Markov signal models have been successfully
used for modelling video traffic [6,9,53,64]. One of the popular Marko-
vian models is the two state Markov chain (also called ON/OFFE model),
where one state represents the peak rate and the other represents the
minimum rate. Though this model is simple and is useful for modelling
video traffic in some cases, it is not accurate enough for modelling full-
screen video sources. The other commonly used model is the Markov
Modulated Process, including the Markov Modulated Poisson Process.

Most of the previous research on video modelling study the statistical
characteristics of ‘video conference’ sources and not ‘broadcast video’ sources.
Broadcast video traffic , such as TV video, has different characteristics from
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those found in video conference applications. Usually, video conference se-
quences are encoded at a very low bitrate and consist of head and shoulder
pictures with little or no camera movements. Hence video conference sequences
differ from full-screen television video in two ways: first they consist of very
rare scene changes and object movements in the picture; and second the bitrate
of video conference streams has little fluctuations when compared to bitrate
of full-screen video.

4.2.1 Stochastic Models for Full-Screen Broadcast Video

The usual first step in modelling a real world’s stochastic process is through
analysis of the system generating the signal. The system that generates video
traffic in digital TV applications is an MPEG-2 encoder. We are interested
in modelling the amount of traffic that this encoder generates. MPEG-2 en-
coders use some important encoding parameters, such as number of slices,
GOP pattern, GOP length, quantization scale and so on. These parameters
affect the quality of the coded video, and are selected according to the appli-
cation needs. Unfortunately, given the input video sequence and the coding
parameters, there is no procedure to obtain the statistical parameters of traf-
fic generated by the encoder. Therefore, it is not useful to incorporate the
video coding parameters into the traffic model. However, analysis of MPEG-2
encoding techniques can provide valuable insights into the video traffic shape.
One important characteristic of MPEG video traffic is the periodic frame pat-
tern in each GOP. However, in the proposed ITV application, buffering delays
for incidental streams (i.e., waiting-time in buffers) are much larger than video
frame rates. This means that incidental buffer sizes are much larger than an
average incidental video frame, and the periodic frame pattern in each GOP
is filtered out during the buffering process. Thus, rate variability caused by
the periodic frame pattern does not play any role in the proposed I'TV appli-
cation. Since the buffering delay for an incidental stream in the proposed [TV
application is usually more than a couple of seconds, we consider the video
source rate at the GOP level rather than the frame level. Note that in most
video streams in digital TV application, each GOP contains 15 frames, which
results in a GOP length of .5 seconds. Therefore, we seek a traffic model which
can capture the correlation between consecutive GOP sizes in a video stream.

It is well known that each GOP size depends on the visual content of
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its corresponding scene. Two features of a. video scene that affect its corre-
sponding GOP size are 1) visual details in each frame, and 2) video activities,
such as object movements, background movements (e.g., camera panning and
zooming), scene changes, etc. In general, simple and non-active scenes result
in a small GOP size, while complex scenes result in larger GOP sizes. This
inspires us to select a traffic model which can capture the trend in video traf-
fic caused by the underlying scene changes in video, while capturing the rate
fluctuations caused by other parameters. ‘Hidden Markov Models’ (HMMs)
are known to match this intuitional requirement. These models consist of a
hidden layer and an observable layer. The hidden layer is a Markov chain
process, which determines the state of the signal. The state of the signal is
not observable, and is considered ‘hidden’. One can only observe the output
of the observation layer. State of the signal at time t determines the spectral
characteristics of the observable layer of the model. That is, statistical char-
acteristics of the observed signal at time t depend on the hidden state of the
signal at time t.

Other research studies have confirmed that HMMs are relatively suc-
cessful in capturing the video traffic characteristics of video conference and
broadcast video sources [65-70]. HMMs have also been widely used in many
other engineering applications such as speech processing, signal estimation,
and queuing networks [71,72]. The underlying mathematical theory for these
models is well established, and efficient algorithms are available for their im-
plementation.

However, HMMSs have a limitation. Before we exploit this limitation,
we will present a few mathematical preliminaries on the Markov models in the
next section. We will then discuss the limitation of HMMs, and use a new
model, which can alleviate this limitation.

4.3 Mathematical Background of General Marko-
vian Models

4.3.1 Markov Chain

The simplest form of Markovian signal models is a ‘Markov chain’. Consider
the discrete-time stochastic process {s;}, t = 1,2, ..., which takes its values
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from the set {1,2,..., N}. The space {1,2,..., N}, is called the state space. If
s, = ¢, then the process is said to be in state 4 at time ¢. s, is a Markov chain
if whenever the process is in state 4, then the probability that it enters state
7 in next time-unit is constant. This property is the essence of Markovian
signal models and is called Markovian Property, and simply states that the
probability of transition from a state to another state does not depend on the
previous states of the process, that is

P(sy = jlsi1 =4, 800 =k,...) = P(s: = jlsi1 = 1) (4.8)
Let a;; represent the probability of going from state i to state j, that is
ai; = P(s¢ = jlsi-1 =) (4.9)

Note that for all 4 and j, a;; is constant and time-invariant. The matrix
A = [a;j] is called the state transition probabilities matrix or state transition
matrix. Note that since a;;’s are probabilities and since the process s; should
make a transition to one state at each time instance, we have

N
ag >0, 1<4,j<N; D ay=1, i=1,..,N (4.10)
=1
Similarly, the n-step transition matrix A" is defined, where Aj; represents the
probability of being in state j after n state transitions starting in state 1.

4.3.2 Hidden Markov Models

Hidden Markov Models, HMMs (also called Markov Modulated Processes,
MMPs) are a powerful and widely used class of Markovian signal models.
These models are ‘doubly stochastic’, and consist of a hidden layer and an
observable layer. The hidden layer is a Markov chain process s;, which follows
equations 4.8-4.8, and determines the state of the signal at t. The state of the
signal is not observable, and is considered ‘hidden’. We observe the observation
process ;. The spectral characteristics of the observed signal at time t is
determined by the state of signal at t. A common model choice for modelling
the observable layer is a parametric probability density function (pdf), where
the pdf parameters are determined by the current state of the signal. This is
denoted by

Ply|s; = 7) = bi(ye) (4.11)
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where b;(z) is a parameterized density function. For example, if b;(z) is a
Normal distribution with mean p; and variance ¢, then the probability of
observing y; given that the state process is in state 7 at ¢, is

) _ (g — mi)®
P(y.ls: = e;) = e 207 (4.12)

/2ro?

which only depends on :.

Note that rather than probability density functions, other stochastic
models such as Poisson process or TES models, have being considered for
modelling the observation layer of HMMs [57].

4.3.3 Limitation of_HMM Models

One disadvantage of HMMs lies in their limitation in modelling the ‘state du-
ration’ densities. State duration is defined as the time that the state process
of an HMM spends in each state before making a transition to another state.
Note that in a Markov chain, the probability of remaining in a state is con-
stant. That is, P(s;y1 = i|s; = 1) = a;, where a;; is constant. Therefore, the
probability of staying exactly d time units in state ¢ is given by

p(d) = ag™ - (1 - as) (4.13)

11

Hence, state duration densities in HMMs are limited to the form given
in equation 4.13, which is known as ‘Geometric’ discrete distribution func-
tion in literature. This implies that the probability of staying d time units in
each state exponentially goes to zero as d increases. However, the Geometric
distribution is not appropriate for the state duration modelling of many phys-
ical signals. In order to remove this limitation, a more sophisticated model,

called ‘Semi-Markov chain,’ is used where state duration densities are niodelled
with some non-Geometric distribution. A hidden Markov model that uses a
semi-Markov chain for modelling the hidden state process is called ‘Hidden
Semi-Markov Model’, HSMM. Generally speaking, HSMMs are more power-
ful in modelling physical signals than HMMs. However, HSMMs are more
complicated.




4.3.4 Selecting Between HMM and HSMM. Modelling
Approach for the Proposed ITV Application

Is HSMM a better model choice for TV video traffic rather than HMM? The
answer relies on whether Geometric distribution is a good model choice for
state duration of video traffic processes or not. In order to gain an insight to
this matter, we conducted two different experiments using empirical bitrate of
a few typical TV programs, as discussed below.

The first experiment was based on an empirical approach to estimate
the state sequence from the empirical bitrate traces of typical TV programs.
In this experiment we first partitioned the video sequences to different scenes.
The partitioning method used is similar to that presented in [73], where sud-
den jumps in the empirical bitrate of video is used to detect scene changes. A
manual comparison of detected scene changes and video content showed that
this method successfully captures the scene changes from the empirical bitrate
record. Then, all scenes were partitioned into three clusters (low, medium and
high bitrate) according to the average encoded GOP size of each scene. The
clustering algorithm used is presented in [57]. The approach of this clustering
algorithm is to partition the given data set, so that elements in each cluster are
‘closer’ to each other than to elements in all other clusters. We assume that
each cluster represents a hidden state of the Markov chain model. According to
this classification, we constructed a ‘state transition sequence’ for each video
sequence (see Figure 4.1). Next, we extracted the empirical state-duration
traces for each state from the state transition sequence of each video, and cal-
culated the histograms of these state-duration traces. In order to determine if
Geometric distribution is a good fit for these empirical state-duration traces,
we used both visual histogram comparison and ‘Q-Q plot technique’ (see ap-
pendix B). Figure 4.2-a shows the histogram of one of the state duration for a
‘News’ video sequence, and 4.2-b shows the typical shape of a Geometric and a
Gamma distribution. It is noted that empirical data histogram reveals a curve
shape more similar to Gamma distribution than Geometric distribution. Fig-
ures 4.2-c and d show the Q-Q plots for Geometric and Gamma distributions.
As discussed in appendix B, if the statistical properties of the empirical data
match the selected parametric distribution, then the Q-Q plot is expected to
be approximately linear with an intercept of 0 and slope 1. It is noted that, the
Q-Q plot for Gamma distribution is closer to a line with slope 1 rather than
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Figure 4.1: Normalized bitrate and ‘State transition path’ for two typical TV
programs.

the Q-Q plot for Geometric distribution. Hence, we conclude that a discretized
Gamma distribution is a better choice for modelling the state durations of TV
video traffic.

The second experiment was motivated by the results of the first experi-
ment. In this experiment, we used the ‘likelihood ratio test’” hypothesis testing
method (see appendix C) to determine if an HMM model is a better choice
for digital T'V traffic sources rather than an HSMM model with Gamma state-
duration densities. We let Yr = {y1, 92, -+ ,yr} denote the empirical bitrate
trace of the video sequence under study. Then, we test the null hypothesis
“HO: Y7 is an HMM” against “H1: Yr is an HSMM”. Details of adopting
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95% percentile point
Sequence —21In(A) of x? distribution Test result
with v = 3 degree of freedom
Mission Impossible 11 21.29 7.815 Reject HO
News 38.93 7.815 Reject HO
Soap Opera 43.17 7.815 Reject HO

Table 4.1: Results of likelihood ratio test for different typical TV video se-
quences. The number of states in HSMM and HMM models is N = 3.

the general likelihood ratio test method for conducting this hypothesis test
are given in appendix C. In this test, the likelihood ratio A is computed as
the likelihood of Yr being generated by an HMM model to the likelihood of
Yr being generated by an HSMM model. It is shown that —2In(A) has a x?
distribution (see appendix C). Hence, —2in(A) is compared to the 100(1 — )
percentile point of a x? distribution, where « is the significance level of the
test. Table 4.1 summarizes the result of this test for the empirical bitrate of
a couple of TV programs. The significance level of the test is & = 5%. As
shown, for all the sources, —2{n(A) is greater than the 100(1 — «) percentile
point, which means that the null hypothesis (i.e., ‘Y is an HMM’) should be
rejected.

Hence, we choose hidden semi-Markov models for modelling the TV
video traffic in the proposed [TV application, where the state durations are
modelled with Gamma distribution. In the next section, we present the math-
ematical formulation of HSMMs, and address the important issues raised in
employing HSMMs. In Section 4.9, we present the result of fitting an HSMM
model to empirical bitrate traces of typical TV programs.

4.4 General Background on Semi-Markovian
Signal Models

4.4.1 Semi-Markov Chains

The discrete-time stochastic process {s:}, t = 1,2, ..., which takes its values
from the state space {1,2,..., N} is a Semi-Markov chain if the next state of
signal depends only on the current state and the amount of time that signal
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has spend in the current state. Formally, this condition is stated as

P(s; =jlst-1 =s—2 = =8_a =1, 8 a1 =k, ) = P(s, = j|ss-1 = 4,d)
' (4.14)

where 7 # k. A = [a;;] is known as the state transition probabilities matrix,
where a;; s the probably of going to state j from state ¢, knowing that, the
signal is leaving state <.

aig = P(se = jlsi-1 =1, 8¢ # 1) (4.15)

Note a;;’s are all constant, and are constrained to

N
ai; 20,  1<4,j<N; > ay=1, i=1,.,N (4.16)

j=1

All a;;’s are zero.

In a Semi-Markov chain, the state duration densities are modelled in
some non-Geometrical form, unlike that of equation 4.13. This non-Geometrical
from is usually denoted by a state duration probability mass function ¢,(d),
where ;(d) is the probability that the signal stays exactly d time units in state
¢ during its visits to this state. ;(d) may be selected to be one of the known
parameterized probability mass functions, such as Poisson, Binomial and so
on. Alternately, p;(d) may be selected as a discretized probability distribution
function, such as Normal or Gamma pdf.

The signal generation process of a Semi-Markov chain s, can be sum-
marized as follows.

1. Start with a given initial state, e.g., s, = i for t = 1.

2. Select a duration d according to the state-duration density function of
the i state, v;(d).

3. For the next d time units, stay at the same state 3.

4. Select the next state according to a constant state transition matrix
A = [a;;], with the constraint that the signal should leave the current
state (i.e., a; = 0).

5. Go back to step 2.
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4.4.2 Hidden Semi-Markov Models

A Hidden Semi-Markov Model, HSMM, (also known as Semi-Markov Modu-
lated Process, SMMP) is similar to an HMM except, that the hidden state
process is a semi-Markov chain. Generally speaking, HSMMs are a generaliza-
tion of HMMs and are more powerful in modelling physical signals. However, h
HSMMs are more complicated than HMMs. , '

The most important problem that arises in using HSMMs is the identi-
fication of the model parameters. This identification problem is studied either
in off-line or online cases. In off-line case, given a set of observations from an
HSMM signal, Yr = {v1,%2,...,yr}, one should find the parameters of the
HSMM model, denoted by 8. In online case, one observes a signal sample y,
at time ¢, and should update the current estimate of the model parameters
0, such that 6, gradually converges to the actual model parameters. In the
rest of this Chapter, we address the identification of HSMMs in both off-line
and online cases, as they are both necessary in implementation of the pro-
posed interactive TV system. Off-line identification methods are necessary for
estimating the model parameters of pre-recorded video streams. Online iden-
tification methods are employed for online model parameter estimation from
live video sources. Ultimately, the estimated model parameters are used to
find the effective bandwidth curve of sources.

4.4.3 General Background on Identification of HSMMs

Identification of HSMMs is conceptually similar to identification of HMMs; and
current approaches to the identification of HSMMs constitute a generalization
of the identification methods for HMMs. There are powerful methods available
for identification of HMMs. Off-line identification of HMMs is based on an
iterative algorithm, known as Baum-Welch! or Ezpectation Mazimization, EM
algorithm. This algorithm finds the maximum likelihood estimate of model
parameters 6. That is, 8 is estimated so that P(Yr|6) is maximized. It is
shown that the maximum likelihood estimate converges to the true parameter
value as the sample size T increases.

The EM algorithm consists of two steps in each iteration; the E or the
Ezpectation step and the M or the Mazimization step. The algorithm starts

'The EM method method refers to a general class of approaches. The Baum-Welch
algorithm is a variant of the EM algorithm for estimating the HMM parameters.
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with an initial estimate of model parameters 8. Note that a part of an HMM
model is hidden from us, and that is the state transition path of the underlying
Markov chain, denoted by St = {s1, 2, , sr}. In the E step the “optimal”
state transition path S is estimated from samples Y and current parameter
estimates 6. This is done by estimating a set of so called forward and back-
ward variables, a,’s and B3,’s. The forward parameters, ¢;’s, are computed by
induction from «,_;. Similarly, the backward parameters, 3,’s, are computed
from B;;1. In the M step, the model parameters are re-estimated by finding
the MLE estimate of 8 from the computed forward-backward parameters and
Yr. The E and M steps are iterated until 8 converges.

The EM algorithm has been extended to the context of HSMMs by us-
ing ‘explicit state duration modelling’ {72,74-76] or ‘parametric state duration
modelling’ [77]. The first approach estimates the density of the state durations
for all possible values explicitly, while the second approach uses a parametric
distribution to model the state duration, and only estimates the model pa-
rameters. However, current methods for identification of HSMMs, which are
based on these two approaches, have the major drawback of greatly increased
computational load compared to the HMM case. This increase in the compu-
tational load lies in the estimation formulas for forward-backward variables in
the E step, where a; (3;) should be computed from {o;_1, 042, - ,04-p}
(and from {Bit1, Bev2, -+, Bi+n}), instead of ay_1 (Beg1) in HMMs, where D
is the maximum allowable state duration. More precisely, in EM algorithm for
identification of HMMs, the forward variables «,(j) are computed by induction
from a;_;’s using

N
an(j) = {Z o1 (i) - aij] bi(00), 1 zi];v (4.17)

In this equation «;(j) is obtained by adding up the probability that s, has
traversed one of the state transition paths shown in Figure 4.3-a. While in
identification of HSMMs, a,(j) is computed as

ZZ(at—d(i)aim(d) 11 bi(ys)> (4.18)

d=1 i=1 =t-d+1

That is, the probability of being in state 7 at ¢ is computed by summing the
probability of the paths shown for d = 1,2,3,--- , D in Figure 4.3-b. Similar
equations are used for computing 53;’s.
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Figure 4.3: State transition paths that should be considered for computing
a(7) in the HMM and HSMM cases.

It is shown that current approaches to identification of HSMMs using
the EM algorithm increase the memory usage by the factor D times and the
computation load by D?/2 times, when compared to the EM algorithm for
HMMs. Since D is usually large in many applications(e.g., D = 25 in most
speech processing applications), these algorithms become impractical.

In [78], an HSMM with N states and maximum state duration D is
reformulated as an HMM with N D states, then the standard EM algorithm
is used to estimate the model parameters. There are other approaches, which
are based on the ‘state duration dependant transition probabilities’ [79]. In
these approaches, the state transition matrix is time-varying or is replaced
with a tensor. The drawback of the methods presented in [78,79] approaches
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is addition of a large number of parameters into the model. These extra
parameters should be estimated in addition to the usual HMM parameters,
and this requires a large sample size in order to obtain an accurate estimate.

Online identification of HSMMs is conceptually harder than the off-
line case. Currently, there are no available methods for on-line identification
of HSMMs in the literature. However, the on-line identification of HMMs
have been studied in [71,80-83]. These approaches are based on either the
‘recursive maximum likelihood’, (RML), or the ‘recursive prediction error’,
(RPE), techniques. In the RML approach, the current estimate of model
parameters vector, 8;, is updated at each time instance in such a direction that
the ‘Kullback-Leibler’ (KL) information measure is maximized. It is shown
that this results in the maximum likelihood estimate of the model parameters
as t — oo.

The RPE method is a class of general numerical parameter estimation
method. RPE algorithms are, in essence, ‘Extended Kalman filters’ (EKF).
More precisely, RPE methods are a special class of Extended Kalman filters
for the case when the unknown constant parameters of the model are viewed,
and estimated, as states. In this approach a norm V(@) that measures the
prediction error of the model is defined. The model parameters are updated

according to
01 =60,+ X\ fO (4.19)

where f® is a search direction based on some information about V() ac-
quired at previous iterations, and X is a positive step size. There are different
algorithms based on equation 4.60 which use different choices for the search
direction f. The most important class of these approaches is the quasi-Newton
methods, where the direction function f is

O = —[V"(6,)]7-V'(8,) (4.20)

The mathematical theory for general RPE technique is presented in [84]. In
[71,82], a formulation of HMMs is presented, which allows the general RPE
scheme to be applied to on-line identification of the HMMs. The norm function
used in this method is a weighted quadratic prediction error criterion:

T
V(O) =% > Blt, k)X (k, 0) (4.21)

k=1
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where €(k,0) = 7(k,0) — y(k) is the prediction error, -, is a normalizing
factor and §(¢, k) is a weighting sequence, introduced to increase the effect of
recent observations on the estimate. In [83], an algorithm based on the RPE
technique is presented, which finds the MLE of the model parameters, and
hence, can be considered as an RML algorithm.

In summary, the existing off-line parameter identification methods for
HSMM'’s are very computationally demanding, and none online parameter
identification method have been suggested. In the next section of this chapter,
we will present new methods for identification of HSMMs for both off-line and
online cases. Our methods are based on a new formulation of HSMMs. In
our new signal model, we introduce a new variable to the traditional HSMMs,
named the ‘state duration’ variable, d,. d; is actually a vector, where d, (%)
denotes the time that the signal has spent in state ¢, given that the state
at time ¢ is 7. We then use state duration dependent transition probabilities,
where the probability of transition from state ¢ to 7 is not constant and depends
on d;(7). Hence, in our model, the probability of being in any state at time ¢
depends on the state at ¢ — 1 as well as d;_;. We model the state duration
densities with parameterized probability density functions.

We then present a novel version of the EM algorithm for off-line iden-
tification of HSMMs based on our model. Our algorithm finds the local max-
imum likelihood estimate of the model parameters. The major advantage of
our method over current ones is that it has almost the same computational
complexity as the EM algorithm for the HMMs, and hence is useful for a larger
set of practical applications.

We also present a sophisticated method for online identification of HSMMs,
which is based on our proposed signal model. Our approach adaptively up-
dates parameter estimates, so that the log-likelihood of model parameters is
maximized. We use an estimate of the Newton-Raphson direction as the up-
date direction of our model parameters. This choice results in a near optimum
convergence rate in our algorithm. In this regard, our method is similar to the
online identification algorithm for HMMs in [82].
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4.5 New Formulation of HSMMs

4.5.1 Hidden (or Modulating) Layer Modelling

We consider a signal model where the state of the signal at time ¢, s;, t € N,
is determined by a finite-state discrete-time semi-Markov chain. We assume
the initial state s; is given or its distribution is known. The state space has
N distinct states. Without loss of generality, we assume s; takes its values
from the set {e1, ez, - ,en}, where e; is a N x 1 vector with unity as the ith
element and zeros elsewhere. If s, = e;, we say the signal is in state 7 at time
t. The semi-Markov property of the model implies that the probability of a
transition from state e; to e;, j # i, at time ¢ depends on the duration spent
in state e; prior to time ¢. This can be written as

IP’(St+1 = ei|3t =€;,8_1 =€, ,81 = 61) = ]P)(SH»I = ei|5t = ejvdl(j))
(4.22)

where d;(4) is the duration spent in the j*" state prior to time ¢, that is

di(7) = {d|st-1 = €j, , St—g1 = €}, S1_q 7 €;} (4.23)
For each time t, we define the ‘state duration’ vector d; of size N x 1 as

dt _ {dt(]) if St = €5

: (4.24)
1 if s, # e;

d(7) is easily constructed from d;_1(j) as di(j) = s¢(j) % dy—1(J) + 1, which
can be written in vector format as

dt =80 dt—l +1 (425)

where © denotes element-by-element product.

We model the state duration densities with a parametric probability
mass function, pmf, ¢;(d). This means the probability that s, stays exactly
for d time units in state 7 is given by ¢;(d). ¢;(d) should be selected so that
it adequately captures the properties of the signal under study. Hence, selec-
tion of ¢;(d) should be justified by some evidence from samples of the signal.
Though HMM state durations are inherently discrete, it is noted in many stud-
ies that continuous parametric density functions are also suitable for modelling
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state durations in many applications, including speech processing [76,77]. In
this approach state durations are modelled with the best fitting parametric
probability density function, pdf, and then the discrete counterpart of this
density function is taken as the best pmf. That is, if ¢;(z) is the continuous
pdf for state duration of i** state, then the proba?ilit;y that the signal stays
in state ¢ for exactly d time units is given by ¢i(x)dz. Since negative

d—1
state durations are not physically meaningful, it is usually more appropriate

to select ¢;(z) from the family of exponential distributions [76]. Specifically,
the family of Gamma distributions are considered in [77] for speech processing
applications. In this paper, we assume that ¢;(z) is a Gamma distribution
function with shape parameter v; and scale parameter n;, that is

77;/1' vi—1 —md

i(d) = =+—=d" e 0<d<oo 4.26
6.() = 5 ( ) (426)
where T is the gamma function. The mean and variance of ¢; are v;/n; and
v;/n? respectively (see [85]). Note that our signal model presented here is
applicable with minor changes, if a pdf other than Gamma is selected. Fur-
thermore, let ®;(z) denote the cumulative probability distribution function of

¢l(l'), i.e.,

®,(d) = P(s, stays in state ¢ for at most d time units) (4.27)

/ e (4.28)

We construct our model for HSMMs using state duration dependant
transition probabilities. We define the state transition matrix Ay, a8 Ay, =
[a;;(de)] where ay(d:) = P(si1 = ej|s; = e;,dy(i)). Clearly, ay(dy;)’s are
not constant and change in time; however, we will denote a;;(d,) with a;; for
notational simplicity. The diagonal elements of Ag,, a;;’s, are the probability
of staying in state 1 knowing that s, has been in state 7 for d¢(i) time units.

=P St11 = eilst = eiadt(i))

(
(

=P(sy1 = ei|sl, = €4, 81 = €4, ... St—d,(i)+1 = €4, St—d,(4) # ei)
. ]P’(St+1 = €4,8; = €y,...,8t_d(i)+2 = ei|st—dﬁ(i)+l = €4, St—d,() # ei)
]P’(St = €4, 811 = €4y, Si—di(3)+1 T ei|st—dt(i)+1 = €4, St—d,(3) # 6i)

(4.29)




Meanwhile, the denominator of equation 4.29 can be written as
Yorei P(Stak # €5 8t4k-1 = €4y, Semd ()42 = €|Si—du()+1 = € St—dis) 7
e;) or Y .o, P(s; stays in state 4 for exactly dy(i) — 1 + k time units), which
is 1 — ®;(di(z) — 1). Therefore, equation 4.29 can be written as

L 1— q)l(dt(l))
aii(dt@) - 1 — CI)i(dt(i) - 1) .

(4.30)

th state during its

The probability that the state process stays in the g
visit to this state for exactly d time units is given by (1 — ag(d)) - [T2} au(k).
By substituting a; from 4.30, it is easily shown that the probability density
function of the state space durations is actually equal to the selected model
6i(d).

For i # j, a;; is the probability of leaving state 7 and entering state j,
and is given by '

a;; = P(si11 # €8, = e;,di(3)) x P(se41 = €], = e, # J)
= (]. — CI,.,ji) . CL;:)]- (431)
where af; = P(siy1 = ej|s; = e;,7 # j) is defined as the probability of
transition from state 4 to state j, knowing that the signal leaves state 7. We
write the matrix A4, in terms of a diagonal matrix P(d;) representing the
recurrent state transition probabilities, and a constant matrix A° representing
the non-recurrent state transition probabilities.

Ag, = P(d) + (I — P(d,))A° (4.32)
0 Y
pyld)i=q 1= ®(d() (4.33)

1— ®;(dy(3) — 1)

0 i=j
aj; = , N (4.34
’ { P(si=glse=14) ,i#] )
Note that af; are constrained to E;VZI a; = 1. Since P(d;) is a diagonal

matrix, one can show that Zf,{__l ay;(dy) = 1 for all £.
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Hence, the hidden state process s; evolves in time based on the following

equations:
St+1 — Ad¢ - 8 + ’UL-{-I (435)
Ag, =P(d,)+ (I - P(d,))  A°
di1 =841 0ds +1

where v, is a martingale increment; that is, E(vi41]sy, s2,---,8¢) = 0.

REMARK. Our modelling scenario can be encapsulated.as a time
homogeneous first-order Markov model. Consider the 2-vector process S, as
S, = (si,dy;). s; takes its values from the finite set {e;|i = 1,2,--- | N}, and d,
takes its values from the infinite set {f%i =1,2,---,N;d = 1,2, -}, where
fisa N x1 vector with d as the i element and unity elsewhere. According to
equation 4.25, d;; depends only on s4,1, s; and d;, and according to equation
4.22, s;,1 depends only on s; and d;. Therefore, P(S;.1|S:) is independent of
t, and hence S; is a homogeneous first-order infinite states Markov chain.

4.5.2 Observation Layer Modelling

The state process s; is hidden and is not observed. We observe the observation
process y,, where the probabilistic distribution of ¥, is determined by state at
time t, i.e., 8;. In this paper, we assume that for each state 4, ¥, has a normal
distribution. That is, if s, = e; then P(ys; = e;) = N (y; pi,07), where
wi and o? are the mean and standard deviation of the observation process y,
for state ¢. We denote the probability of observing vy, in state ¢ with b;(y;)
throughout this paper, that is

bi(y) = Pyils: = ei) (4.36)

Therefore, y; may be written as

Y = (1, 81) + (Vo2 si)wy (4.37)
where p = [ul,pg, e ;MN]/: o’ = [a%,ag, e ,012\,]/, (.,.) denotes inner prod-

uct and w, 1s Gaussian white noise with zero mean and variance 1 .

Equations 4.35 and 4.37 define the signal generation process in our sig-
nal model. Figure 4.4 summarizes and compares the signal generation process
in our model with that of other HSMM signal models.
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1. Start with an initial state, e.g., s; = ¢; for t = 1.
2. Initialize dy = [1 1 ... 1]
3. Generate y; based on the density function of the current state.

4. Compute Ay, (equation 4.32), and choose a new state s;41 based
on Ag,.

5. Update the state duration variable, d;, using equation 4.25.

6. Go to step 3.

a) Our HSMM model.

1. Start with an initial state, e.g., s; = ¢; for t = 1.

th

2. Select a duration d according to the i*"* state duration density

function.

3. For the next d time units, stay at state s;, and generate y; based
on the densities of state s;.

4. Select the next state according to a constant state transition matrix
A, with the constraint that the signal should leave the current
state.

5. Go to step 2.

b) Traditional HSMM model.

Figure 4.4: Comparison of the signal generation process in our model with
that of existing signal models for HSMMs.

4.5.3 Model Parameterizations

There are N? + 3N parameters that define an HSMM signal using our model.
These parameters are N* — N non-recurrent transition probabilities af;, the
mean and variance of the observation process u; and 01-2 forl1 <7< N, and

the v; and 7; parameters of the gamma distribution of the state-durations for
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1 <4< N. We define 8 as a vector containing all the model parameters.

_ 2 2 2 o 0 o
0 = (Ml;ﬂ?;"' T HNy 01,09, ,ON, G0, 813, AN _1 N>
, (4.38)
U, Ve, 0 ZUN TR T2, 0 3771\7)

4.6 A New Algorithm for Off-line Identifica-
tion of HSMMs

In this section, we present a new algorithm for off-line identification of HSMMs.
Our algorithm is based on the signal generation model presented in Section
4.5, and requires less computational effort when compared to presently existing
methods.

Given a set of observations from an HSMM signal, Yr = {vy1,v2,...,¥r},
we like to find 8, the parameters of the HSMM model. The algorithm we use
is a variant of the EM algorithm. We first initialize @ to an initial guess.
Similar to the EM algorithm for identification of HMMs, in the ‘E’ step of
our algorithm we define a set of probabilistic measures which describe the
evolution of the hidden state variable s;. We define ‘forward variables’ a(z)

as the conditional probability of observing the partial sequence y1,v2,..., %
and being in state 7 at time ¢, given the model parameters 6. That is,
ay (i) = P(sy = e, y1y2 - - . 4:|0) (4.39)
~ N ~ ~ /
m¢:@mmm.nmmymm
di(i) = E(du(0)|s. = 4,0, 1,92, -, ) (4.40)
is our estimate of the state-duration variable for state 7 at time ¢. cit is initial-
ized to [1 1 - 1]/ for ¢ = 1. We reconstruct div1() iteratively as
Czt-f-l(i) =1+ E(St(l)‘ylyQ - ~yt70) ' dAt(Z)a 1<:< N
(i) s .
=14 ———— - dy(i), 1<i<N (441

Zm@

The state transition matrix A4, is updated for each ¢ as

Ag, = P(d) + (I - P(d))A° (4.42)
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where P is given in equation 4.33.

The forward variable (i) for t = 1 is initialized to the given initial
state, that is, a1(i) = s1(¢) for 1 <4 < N. The other forward variables are
constructed iteratively as

N _
a1 (f) = {Z (1) - ij] bi(ye1), 1<t<T,1<j<N (4.43)

=1
Similarly, the backward variables 5;(¢) are defined as the probability of
observing the partial sequence y,11, Y42, ..., yr, given the model parameters
@ and that the state at time t is e;. '

Be(4) = P(yes1¥es2 - - - Y118 = €, 0)

By’s are computed by initializing Sr(i) = 1, for 1 <4 < N and constructing
the other variables iteratively using

N
Bud) = Bur(s) - aij - bj(yis) 1<t<T,1<j<N (4.44)
=1

We define v;(¢) as the probability of being in state ¢ at time ¢, given the
observation sequence Yr and the model parameters 6.

Y1) = P(s = 1|Yr, 0) (4.45)
7:(%) is expressed in terms of o’s and @’s as
a;(2) - Bi(7)

= — (4.46)
Z a(2) - Bi(2)

7:(7)

Also, we define &,(¢, ) as the conditional probability of being in state 7
at time ¢, and state 7 at time ¢ + 1

&(Z,]) = ]P)(St = i) St41 = jlyTv 0) (447)
&(4,7) is given in terms of a’s and f§’s as

oy (4)aibi (yYir1) B (7)

N N
Z Z () aij0;(Ye41) e (4)

i=1 j=1

§u(i,5) = (4.48)
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The variables y and £ are useful in interpreting the number of transitions
between states. That is, ZL L " (@) is the expected number of transitions from
state ¢ to any other state in Yy, and thl &.(1,7) is the expected number of
transitions from state 4 to state 7 in Vrp.

In step M of the algorithm, the model parameters @ are updated to
the maximum likelihood estimate of the model parameters computed from
the forward-backward variables in step E. There are different approaches to
obtaining the updating equations, all of which result in the same equations.
These approaches are: 1) One can find @ such that the ‘Baum’s auxiliary
function,” @, is maximized. Baum’s auxiliary function is defined as the ex-
pectation of log P(Yr, S]8)). It can be shown that maximizing the Baum’s
auxiliary function is analogous to maximizing the likelihood P(Yr|6). Hence,
one can solve 9Q /860 = 0 to obtain the update equations for the model param-
eters. 2) The problem can be set-up as a constrained maximization problem
and the Lagrange-multiplier approach can be used to maximize the auxiliary
function @. 3) One can use the filtration variables, ay’s and 3;’s, to count
the expected number of transitions and use the concept of counting the event
occurrence to obtain the update equations. We use the latter approach here,
though the rcsult is analogous if other approaches were used. Based on the
definitions, Z, 1 Y:(7) is the expected number of transitions from state 7 in Yy
and thl &:(7, ) is the expected number of transitions from state 7 to state j
in Yr. Then, the transition probabilities are estimated as

expected number of transitions from state ¢ to state j in Vr

; #é — expected number of transitions from state 7 in Vr
T-1
Z Et (,La .7)
Zt Al
Zat yt+1)5n+1( )

(4.49)

(4.50)
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Similarly, the mean and variance of the observation process are estimated as

T-1
Z " (2)ye
_ t=1

po= L (451)
Z’Yt(i)
. T-1
Z’Yt@(yt — i)°
e (4.52)

Z V(1)

Let p;,5 and o7, be the mean and variance of the state-duration for state
i respectively. p;,, is estimated as '

~

-1

]P’(St+1 7’5 €, St = einTa O)Jt(z)

]

t

His = -

ot
—

(4.53)

]P(SH_1 71: €;, 5 = eilyTa 9)

t

Il
_

We have P(S;11 # %, S¢ = t|Vr, 0) = v(2) — &(i,%). Hence, 6, in terms of a’s
and G’s is given by

T-1
2 Oét(i) (Be(2) — aiibi(yt+1)/8t+1(i)) Czt(z)

(4.54)

s T T
Z o (4) (Be(1) — asibs (Yeq1) Bear (2))
t=1
Similarly, the variance of state-duration distribution is given by
T-1 R y
> @) (8i(4) = aisbi(wi1)Besr (6)) (i) = peas)® A
o7, = = _ (4.55)

i o (4) (Be(7) — aiibz’(ytﬁ)ﬂtﬂ(i))
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e E Step:

1. Forward Filtering: Compute (i) and dy(i) for 1 <
1< Nand 1 <t < T —1 using equations 4.41 and
4.43.

2. Backward Filtering: Compute (i) for 1 <i < N and
1 <t < T using equation 4.44.

3. Find the State Probabilities: Compute & (7, 7) and -, (4)
using equations 4.48 and 4.46.
o M Step:

1. Update the model parameters, 8: Use equations 4.49,
4.51, 4.52, 4.54 and 4.55 to update the model param-
eters.

Figure 4.5: ‘K’ and M’ steps of our algorithm for off-line identification of
HSMMs.

The parameters of the state duration distributions, v; and 7;, are given in
. 2 . :
terms of u,; and o;; as

_ /J‘g,i
v, = 3
,u's,i

= 2 (456)

s,

Figure 4.5 summarizes our algorithm. The algorithm stops when the
@ converges to a constant vector. The forward-backward algorithm has the
computational complexity of O(N?T) per pass and requires a memory of 3NT
because all the forward-backward variables and the estimate’s of the state
duration variables need to be stored.

4.6.1 Implementation Issues

Choice of Initial Estimates Since the EM algorithm finds the local max-
imum of the likelihood function, it is important to start the algorithm with
suitable initial values. Though there is no straightforward method for select-
ing proper initial values, there are a few techniques in the literature which
can assist in selecting the initial values. One of these methods uses segmen-
tation of the observations into states, and averaging the observations between
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the segmented states. Segmentation can be performed manually, using max-
imum likelihood segmentation or the ‘segmental k-means’ method. For more
information on these techniques, please refer to [86].

Scaling From equation 4.43 it becomes clear that as ¢ increases, a;’s become
small very fast, and can quickly fall out of the numerical range of any computer.
The same argument applies to 8;’s, when ¢ decreases. To avoid this, we suggest
using a scaling scheme similar to the scheme used in [72] and [86] for the
HMM case, where a;’s are scaled to sum up to 1 for all £. More precisely, let
o, denote the unscaled variable, ;(¢) denote the scaled variable and c:rL the
local version of a's before scaling. Let ¢, be the scaling factor at time ¢, where
=1/ 1 at . Both o’s and s are scaled using ¢, that is, & (¢) = ¢,&(4)

and ﬁt( ) = ctﬂt( ) It can be easily shown that
(1) = Chou(i) Brs1(4) = Dyp1 B (4) (4.57)

where C;, = Hstl ¢, and Dyyq = HitH Cs. Usihg these equations, it can
be shown that the scaling factors are cancelled out in all of the final update
equations, except equations 4.54 and 4.55. In order to cancel the scaling effect
on equations 4.54 and 4.55, these equations should be rewritten as

S i) (B0)er — o) Gosa () i)
pis = (4.58)
Zat(i) (Be(@)er* = aibi(yer1) B (9))

Z(Yt @ )Ct — @bi(Yei1) Brar (0 )) (dt(l) - Mi,s)Q
ol = (4.59)

Z o () (ﬁt(i)ct_l - aiibi(yt+1)ﬁt+1(i))

This assures us that the scaling will have no effect on parameter estimates.

4.7 Online Identification of HSMMs

In this section, we present a new algorithm for online identification of HSMMs.
Our algorithm is based on the signal generation model presented in Section
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4.5. Our approach is to set up the problem of online identification of HSMMs
such that the general recursive prediction error (RPE) method can be applied
to the problem. First, we will present a general background on general RPE
technique in Section 4.7.1. Then, we will present how we adopt this technique
for online identification of HSMMs in Section 4.7.2.

4.7.1 General RPE technique

RPE is a class of general numerical parameter estimation, where a norm V()
is defined that measures the prediction error and the estimate of the model
parameters is updated according to

ét-{—l = ét + )\ . f(t) (460)

where f() is a search direction based on some information about V(G) acquired
at previous iterations, and \ is a positive step size. An important class of these
methods is the Newton type algorithms, where the correction in 4.60 is chosen
in the Newton Direction

fO = —[V"(@)] - V'(6) (4.61)

There are approaches that use values of function V' as well as of its gradients.
The most important subclass of these approaches is the quasi- Newton methods,
which somehow form an estimate of V" and then use equation 4.61.

Now consider a weighted quadratic prediction error criterion

t

V(0) =1 B(t k)E(E,0) (4.62)

k=1
where €(k,0) = g(k) — y(k) is the prediction error. B(t,k) is a weighting
sequence with the following property
Bt k) = At)B(t — 1,k) ,O0<k<t—-1 (4.63)
Bt,t) =1 (4.64)
v is a normalizing factor. Then it is shown that the general search equation

is given by o
9t - Qt—l - )‘t[Rt]~1 . Vl (465)
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where V' is the gradient of V, and R; is a matrix that modifies the search
direction. It is shown that this updating formula can be written as

O, =01+ [B)™-(t, 0mr) - €(t, 01) (4.66)

where 9 is the gradient matrix of ¢ with respect to

The simplest choice for R is R, = I, which results in the gradient or the
steepest-descent method. This method becomes fairly inefficient in the region
close to the minimum of the norm function. Choosing R, = V”(6,), makes the
equation 4.66 a Newton method, which typically perform much better close to
the minimum. In this case, V" is given by

1 N

N
V) = 5 S0 00 0) B (6,6) — 9 (1,60) elt,0) (4.67)

t=1

It may however be quite costly to compute all the terms of ¢’. Then an
approximation of V" is used, where the second sum in equation 4.67 is ignored

N
V() ~ % > w(t,60) - ¢/(t,0) (4.68)

which is by definition the Hessian of §. If we choose R, = V" and use the
approximation in equation 4.68, then it is shown that R, is given as

Ry = Z B(t, k) - (k) - ¥'(k) (4.69)

It is also shown that R; can be constructed recursively as
Ry = Ryy + [W(6)d'(t) — R(t = 1)]
=(1—) R(t—1)+ vy (4.70)

The RPE algorithm is summarized with the recursive scheme presented
in Figure 4.6.

4.7.2 Online Identification of HSMMs Using the RPE
Method

Let 6, denote our estimate of the model parameters at t. We define the ‘ob- .
jective function’ 4(6,) = logP(y1,vs,...,4:/6:), as the log-likelihood of the
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L e(t) = y(t) — 9(¢)
2. 0, =01+, - [R)™1-(t) - ()
3. Ry = Ry_y + [w(t)¥'(t) = R(t — 1)]

Figure 4.6: Parameter update equations performed in each step of a general
RPE algorithm.

observations up to time t given 8,. ¢,(6,) can be rewritten as

t
0(6)) = log P(yrlyr, va, - - yr-1; 61)

=1

= ZUT(et) (4.71)

where u, = logP(y,|y1,v2,...,¥r-1;6;) is the log-likelihood increment. Our
approach here is to update 6; in a direction that maximizes the objective
function £,(6;). We use the recursive prediction error (RPE) method, where
the parameters are updated in the Newton-Raphson direction (see [84] for an
extensive discussion of this method). This selection greatly increases the speed
of the algorithm. Starting with an initial guess for 8, at t = 1, 8, is updated
at each time instance t using

01 =6, + A1 R,;ll e (4.72)

where R, = 82¢,(0)/06? is an estimate of the ‘Hessian Matrix’. ¢, = 0u,(6)/00
determines the search direction and is the gradient of u; with respect to 8;. A
is a step size. R; and 1, are called ‘sensitivity parameters’ and are estimated
recursively in our algorithm.

Figure 4.7 illustrates the basic block diagram of our scheme. The details
of how each block performs its function are described in sections 4.7.4 to 4.7.7.
Below, we summarize the basic function of each block.

1. Estimation of hidden layer variables: Given the observation y, and model
parameters estimate 8y, this block computes the forward variable a; and
state duration estimate d;,. These variables are constructed iteratively
from o;_; and cit_l.
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day  8dy

8o > Ho
L i Y1 = Bw [Update
Yt Sensm.vnty 89 .| Hessian
Equ‘atlons Matrix
Yt a Bt+1
—>® b
at’dt Update
Estimation of Ut 41 Model 9t+]\
Yt Hidden Layer 0 Parameter
Variables t
6,
2~ 1

Figure 4.7: Recursive Prediction Error scheme for estimating HSMM param-
eters.

2. Updating the gradient vector 1,,1: Using the obtained a, and d,, this
block computes the gradient vector ¢,,,. For this computation, dcx;_/90
and adt/ae should be estimated as well. Hence, this block constructs
OJa1 /06 and od, /00 recursively and uses these parameters to update

¢t+1-

3. Updating the parameters estimate 8: This block updates the model pa-
rameters estimate, 8;, using equation 4.72.

4. Updating R;: This block recursively updates the estimate of the Hessian
matrix, 1, from F,_; and ;.

We present the details of each part of our algorithm in the following
sub-sections. For simplicity, we use 8 instead of 6, in our notations.

4.7.3 Model Parameterizations

Similar to the off-line case, our signal model has N?+43N parameters. However,
as shown in [71], it is more convenient to parameterize the model as

/

0 = (,U'a0'270121013="' ;CN-—I,N:V:T]) (473)

where ¢;; are simply defined as ¢;; = (afj)l/ 2. This parameterization selection

simplifies the development of the update equations. As in the off-line case, p
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and o? are the vectors of the mean and variance of the observations process,

and v and i are the vectors of the parameters of the gamma probability density

functions of the state durations.

4.7.4 Estimation of the Hidden Layer Variables

As with the off-line case, we define the forward variables as a; () = P(y1y2 .. . yp, 8¢ =
i16). Let a; = [on(1) a(2) - at(N)]/. Then the forward filtering recur-

sion equation is given by
!
K] = BAdtat

(4.74)

where B is a diagonal matrix, b; = b;(yi41) (see equation 4.36), and Ay is

the transpose of the state transition matrix (equation 4.35). The conditional

estimate of the state at time ¢ is given by

Y = ]E(StlylayQa sy Uiy 0)

= at<at, 1>_1

(4.75)

Given the observations up to time £, the next state and next observation of

the signal are estimated as

E(St+1ly1; Yo, Yty 0) = A:itﬁyt
?)t—{—l - <H>E(St+1|ylay2a ey Y, 0)>
= (m, Ay - (@, 1)71)

(4.76)

(4.77)

The estimate of the state duration variable is updated similarly to the off-line

case (equation 4.41), as

dH—l = ]E(St|ylay27 st ayhe) © dt +1
= at<at, 1>_1 ® Cit +1

The log-likelihood increment, u;,; (equation 4.71), is given by

U1 = log P(Yes1|v1, Y2, - - -, y; 6)
N

= 10gZ]P’(@/t+1|St+1 =€, Y1, Y2, Y 0) X Psir1 = eily, 42,

i=1

= log(1l, BAy )
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4.7.5 Gradient Vector Update Equations

We denote the derivative operator with respect to variable = by D,, that is,
D,(.) =0(.)/0z . Thus, the gradient vector 9, is written as

auz+1
¢t+1 = _%—Iezag

Ougr Ougpr Ougyr Ougyr Oupy l‘
(9/11' ’ 6012 ’ aCij ’ a/J,i’s’ 8023 8=0,

/
= (Duiut+1u Da?uﬂ-la Dcijut+1’ Dlti,sut+1u Da?_suH-l) (482)

6=6,

We write the elements of ¥;,1 in terms of the derivative of the filtration
parameters (i.e.,a, and d;) with respect to the model parameters. Our esti-
mates of the derivatives of the a; and d, are constructed recursively from their
estimates at ¢t — 1. For example, the first element of ¥, D, up1, is writ-
ten in terms of D, oy and Dy d;. D), 41 and D,,d;y are also constructed
recursively from D, c; and.D,.d;. In deriving the update equations, 1t is
assumed that the probabilities of non-recurrent transitions (i.e., ¢;;’s), and the
parameters of the state duration probability density functions (i.e., v and n)
do not depend on each other.

Thus, to calculate 1,1, we use the following equations for the deriva-

tives of u;,q with respect to u, o2, ¢;;, v and 7.
+ ) y Wiy,

1_DM
Dmut+1 =

<1a BAiiL7t>_1 ((11 Dui(B)Alcifyt) + <1a BDM( Izit)'yt) + <17 BAiigDHi(’yt)))
(4.83)

Dy = Dm(at)<1>at>_1 + (1, Dm(at»_l (4.84)

Do, =D, (B)Ay oy +BD,(Ay)a + BA; D, ()

(4.85)

DB =" B diag(e) (4.86)

g2

Dy Aa, = D, (P)(I — A%) (4.87)
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D, P=

. (o(di = 1) — $(dy) + (de)P(d; — 1) — ¢(de — 1)P(dy)
d1ag< (0= d(d, ~ 1))° © Dy, d;
(4.88)
Dydi=di1 © Dy ve1+ Dydiy © vy (4.89)
2-D,e
Da?uﬂ-l -
(1, BA 7)™ ({1, D,2(B)Algw) + (1, Bz (A )7} + (1, BAGD 2 ()
(4.90)
Dyzve = Dy2(a)(1, o)+ (1, Df,l_z(ozt)>_1 (4.91)
Dogat = DU? (B)A/dtat—l + BDU?(A:iL)at_l -+ BA:iLDU? (at_l)
' (4.92)
_ (yr — 1) 1 : '
Dy B = ( 208 2UiQ)B diag(e;) (4.93)
D,2Aq = Da(P)(I — A°) | (4.94)
D;:P =

- (¢(de = 1) — §(dy) + $(dy)R(dy — 1) — $(dy — 1)P(dy)
diag ( t e T © Dcr?dt>
(4.95)

Dagdt = Da? (7t—1) © dt—l + V-1 O] DO’? (dt—l) (496)



3-D

Cmn

DCmnut+1 = <1ﬂ BAiigﬁyt>_1 (<1’ BDCmn (A:it)’yt> + <17 BAIngCmn (7t)>)

(4.97)

D...~v =D, (a){1,0)"  + a,(1,D,,, ()" (4.98)

D.,.a,=BD,, (Ay )+ BA, D, (1) (4.99)

D, A4 =—-P- D, (A% (4.100)
0 ifm#£14

D.,.a5; = { 2c; fm=in=j ' (4.101)

_QCmn if m= Z‘a n #.7

4- D,
Dmutw‘-l = <1’ BA:i£7t>_1 (<1> BDV]i(AldL)'Y» + <1a BA/d:D"li(PYt)))

(4.102)

Dy = Dy () (1, )™ + (1, Dy (en)) ™ (4.103)

Dmat = BDni(A:it)at_l -+ BAiitDm (at_l) (4104)

DTliAdt = Dm(P)(I - Ao) (4105)

D,,(P) is a matrix with all zero elements, except the element in row ¢
and column %, which is given by
1 — &(dy(3); mi, vi) _
Dm(l — (I)(dt(’&) — ].;’I’]i, Vi)) -
Dy, [2(dy(4) — 1)](1 — B(de(1))) — Dy, [P(e(2)))(1 — (du(5) — 1))
(1= 0(de(i) — 1))

(4.106)

D, ®(d;n;, ;) is obtained by differentiating ®(d; n;, v;) as defined in equa-
tion 4.27

D, ®(d; i, vi) = %@ (d; i 1) — D, vi + 1) (4.107)

(2
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Dyurer = (1, BAyv) ™' ((1, BD,,(Ay,)ve) + (1, BAy Dy ()

)

Dan = Dl/i(at)<17aﬁ>_1 +at<17DVi(at)>_1 ( )
Dy, = BD,,(Al)ou_1 + BA, D, (cv_1) - (4.110)
D%'(Adt) = Dl/l(P)(I - AO) ( )

D,.(P) is a matrix with all zero elements, except the element in row 14
and column ¢, which is given by
L—&(d(i);ms,v5) |
D'/i(l — ®(dy(z) — 1'771,1/1)) B
Dy, [®(di(2) — D](1 — B(di(i ))) — Dy [®(d()))(1 — $(di(i) — 1))
(1 —®(d(3)))

)
(4.112)

Unfortunately, differentiating ®(d;n, v) as defined in equation 4.26, with
respect to v does not result in a simple form as in equation 4.107. How- :
ever, we can easily find the numerical value of D, ®(d;n;, v;). We have

d

D, (@(ds1,0)) = (og(n) — W))(din,v) + [ log(e)(ain, v)ds

’ (4.113) -

where VU is the ‘digamma’ function [87,88]. The digamma function is a
known special function defined as

U(z) = a‘é log(T'(2)) = (4.114)

where I'(z} is the gamma function. The numerical value of the digamma
function at any point is easily obtained from

[e¢]

—’y+z ]‘+1(k+)k yforn=1land -1<z <1

U(z+n) = .

Z ! ) yforn>1land —1<z<1
otk

(4.115)
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It is shown that only twenty terms of equation 4.115 suffice to compute
the ¥(z) to the full machine precision in 32-bit floating point format [77,
87]. The term fod log(z)é(x;n, v)dz is easily computed using numerical
definite integral calculation methods. Therefore, we can compute the
numerical values of D, (®(d;(i) — 1) and D,,(®(d(¢)), and substitute
them into equation 4.112 to obtain D,,(P).

4.7.6 Parameter Update Equations

After finding ;4 ., the parameter vector 8 is updated using

01 = 6, + Mgt - R Y (4.116)

4.7.7 Updating the Hessian Matrix Estimate, R;

R, is an estimate of the second derivative of the criterion function. R, is
updated recursively (see [84,89]) as

Ry = By + MW - R - 1) (4.117)

4.7.8 Implementation Issues

Our online identification algorithm finds the local maximum likelihood esti-
mate of the model parameters. Hence, similar to the off-line case, it is im-
portant to start the algorithm with proper initial values. Furthermore, the
following issues should be considered when implementing our algorithm.

Scaling

Similar to the off-line case, the forward variable o, converges rapidly to zero
as t increases. This can be avoided by using the same scaling technique as in
the off-line case, where «; is scaled as

& = a1, ap) ! (4.118)

It can be shown that this scaling does not affect the update and recursion

equations.




Choice of the step size )\,

A; in equation 4.116 is a step size. In theory, A, can be any sequence satisfying

A>0, Y A=oo, Y N<oo (4.119)
t=1 t=1

A common choice is A, = 1/t, where A; has a weighting effect on the norm
function, such that recent observations have a stronger effect on the update
than older observations. There is a trade-off between the ‘tracking ability’
and ‘noise sensitivity’ of the algorithm in selecting A;. Choosing a larger step
size (e.g., \s = 1/1/t) results in faster convergence of the estimate to the real
parameters and allows the algorithm to track the changes in the actual parame-
ter values faster. However, selecting larger step sizes makes the estimate more
sensitive to noise. The possibility of using different and more sophisticated
choices for step sizes is discussed in [89,90] and [91].

Avoiding matrix inversion in the update equations

The update equation 4.116 involves inversion of R;. This matrix inversion can
be avoided by using the matrix inversion lemma [89]. If A,B,C and D are
matrixes then the matrix inversion lemma states

[A+ BCD]™' = A™' — A'B[DA-1B + C~'|"' DA™ (4.120)

By taking A = (1 —y,)R;_1, B = D' = ¢ and C = v, parameter 4.116 can be
written as:

(4.121)

-1 _ 1 (R—l__ %Rr,_—lﬂ/JWRt_—ll )
e R A

Projection of parameters to the constrained domain

Since the parameters of an HSMM are constrained, the estimated parameters
should be projected into the constrained space. More precisely, the parame-
Nlcij = 1. Thus, after updating the

1=

— o\1/2 :
ters ¢;; = (ag)'/? are constrained to )
parameters using equation 4.116, c;;’s are re-normalized as

2 ij
Y ZIIL Cin ( )



4.8 Effective Bandwidth of a Hidden Semi-
Markov Model

In this section, we show how the effective bandwidth of a signal is obtained
from its HSMM'’s parameters. Our approach is to reformulate the Semi-Markov
chain of an HSMM as a Markov chain with larger number of states. First, we
will show how the effective bandwidth of an HMM is obtained. Next, we
show how a Semi-Markov chain is reformulated as a Markov chain with larger
number of states. Finally, we show how the effective bandwidth of an HSMM
is obtained using this approach.

4.8.1 Effective Bandwidth of Hidden Markov Models

In this Section, we show how the effective bandwidth of an HMM is obtained.
Let y, be the observation process of an HMM with the hidden Markov state
process z;, and with the transition probabilities matrix A. Let Y'(t) be the

t
cumulative sum of observation process y in [0,t], that is Y'(t) = Z yr. Also
: =0

let ;(0) be the rhoment generéting function of the observation layer for state
i, that is, @;(0) = E(e®|z, = i). We define (0, t) := E(e?Y®|z; = i). We

have
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01(0,1) =E(?Y O |z) = i)
—E(efYO-YW) YW = )
=E (e |2, = i) x ]E(eo(y(t)_y(l))|x1 =1)
M
=¢'(0) Z]E(eoy(z)—y(l)|m2 =j,z1 =1) X Pz = jlz; = 1)

=1

M
=¢'(9) Z E(e®” 07 Wlzy = j)ay

j=1

M
=" (0) Y B (™ Ve = f)ay

j=1
A M '
=¢'(0) D_ ;6. t)a (4.123)
j=1

-If we consider the vector U(8,t) = [1:(0,t)] and the diagonal matrix
& (0) = diag[p;(0)], then the above equation can be written in matrix form as

T(0,t) =B(6) - A- V(0 — 1) (4.124)

with the initial condition ¥(8, 1) = ®(6) - 17, where 1 is a column vector with
all its elements being one.

Now let w; be the probability that initial state z; = ¢, and also let
™ = |7y, Mo, -+ , T, thus

E(efY®)) = w0(6, )
= m(®(0)A) " P(H)1" (4.125)

Since the transition matrix A is irreducible, then A is primitive. Since
® () is diagonal, then matrix $(0)A is also primitive. Hence, we can use the
Perron-Frobenious theorem (see Theorem 8.5.1 in [92]) from matrix theory to
show that

Llim [@(8)A/sp(P(0)A)]" = L(8) (4.126)
—00
where L(f) is a constant matrix and sp(®(#)A) is the spectral radius of the
matrix $(9)A. The spectral radius of a matrix is simply the largest absolute
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eigenvalue of that matrix. Therefore, equations 4.125 and 4.126 result in the
following expression

lim 51% log (Y ®) = (1/6) log(sp(®(6) A)) (4.127)
Hence, we have
a(6) = (1/6) log (sp((6)A)) (4.128)

where ®(6) is a diagonal matrix.

4.8.2 Reformulating a Semi-Markov chain as a Markov

chain

Let s; be a Semi-Markov chain with N distinct states, taking its value from
the space {1,2,...,N}. We assume that the time that signal stays in each
state is limited, say by D time units. This means that the state process s, will
not stay in any state for more than D time units. Our motivation in here is to
reformulate the N state Semi-Markov chain s, in the form of a Markov chain
with V x D states. Our approach in similar to what was presented in [78].
Assume that the state process is in state 4 at time ¢, i.e., s, = <. Then
define d; as the time that s; has spent in state ¢ prior to time ¢. That is

dt = {d'St = i, St—1 = ’i, ey St—d41 = 'i, St—d 7'é Z} (4129)
Notice that P
dip1 = { hE s s (4.130)
1 Otherwise

Therefore, dy;, depends only on ds, s, and s;41. - Note that by definition,
variable d, 1s restricted to
di+1 if sy =sandd, <D
dypr =< if ;0 =s,anddy =D (4.131)
1 if 841 7# 8¢
Now consider the vector stochastic process z; defined as z; = (s;,d;). z; takes
its values from the space {(4,d)|1 < ¢ < N,1 < d < D} and clearly is a
finite-state process with N x D states. Note that
aii(d) ifz, = (3,d) and @y = (4,dy + 1)
P(zieilz) = ay(d) if 2 = (i,d;) and 240 = (5, 1), 1 # J (4.132)

0 Otherwise
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where a;;(d;) is the probability that s, stays in state ¢ given that it has spent d,
time units in state ¢. Similarly a,;;(d;) is the probability that s; transits from
state 7 to state 7 given that it has spent d; time units in state . Note that
P(z441|z:) is independent of ¢, and hence, z; is a Markov chain. For simplicity
of notation, we will denote the state space for z, as {1,2,..., M} from now

on, where M = N x D. If z; = m, then we have

J+1 (4.133)

=m — [—5~JD (4.134)

where |z] is the largest integer less than or equal to 2. We also have m =
(st —=1)D+dy. Let d=m — 252D, i= |25t + 1 and j = |%51] + 1; then
the state transition probabilities matrix for the Markov process z; is given by

agz(d) ifn=m+1,and |Z5t] = [25]
Amn = a”(d) lf n — Ln—.—ElJD = 1’ a,nd |_:mT-1J sé LTL—B—lj (4135)
0 Otherwise

Since x; has M = N x D states, then the state transition matrix for z; has
M? = (N D)? states. However, since variable d; is restricted based on equation
4.131, it can be easily shown that (M? — N2?D) elements of the state transition
matrix are zero and only N2D elements of the transition matrix are non-zero.

4.8.3 Effective Bandwidth of an HSMM by Reformu-
lating as an HMM

Let vy, be an HSMM, with state process s;. Following the approach presented in
Section 4.8.2, s, can be reformulated as a Markov chain 2, with larger number
of states; Hence, y, can be modelled as an HMM with modulating (or hidden)
process z,. Then, the effective bandwidth of y; is easily obtained using the
equation 4.128 as presented in Section 4.8.1.

Let b;(y;) = P(y:|s: = 1) denote the densities of the observation process
y, when v, is considered as an HSMM. Also let ¢;(#) be the moment generating
function of the observation process, given that the state process is in state 1,
that is ;(8) = E(e¥®|s, = ). Now consider y; as an HMM with state process
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x;. Let b (y,) denote the densities of the observation process given that state
at time t is z; = m. According to equation 4.133, we have

b (ye) = Pye|zs = m) (4.136)
= P(yels: = LT—,E—lj +1) (4.137)
= bLﬂg‘-JH(yt) (4.138)

Based on this equation, one can easily construct the diagonal matrix
®(0) (see equation 4.8.2) of size ND x ND as

©(9) = diag{1(0), -+, 01(0),2(0), -+, 02(0), -, on(0), -+, o ()}

D times D times D times

(4.139)
By substituting the obtained ®(#) in equation 4.128, one can easily obtain the
effective bandwidth of y;, a,(6).

4.9 Numerical Results

In this section, we present the numerical results of implementing the methods
presented in this chapter. In Section 4.9.1, we present the results of applying
the off-line and online identification methods presented in sections 4.6 and
4.7 to synthetic data generated by simulating an HSMM. Our objective is
to experimentally verify that our identification method actually finds the true
parameter values. As our online identification method results in the same esti-
mate as the off-line method, we only apply the off-line identification algorithm
to empirical traffic samples of a few typical TV programs in Section 4.9.2. We
also present numerical results of estimating the empirical bandwidth curve for
these sources.

4.9.1 Numerical Results for Synthetic Data

To verify that our identification methods give accurate estimates of an HSMM
parameters, we conducted two experiments, one for the off-line case, and one
for the online case. In our first experiment, the parameters of two HSMM
signals, each having N = 3 distinct states, were estimated using the off-line
algorithm presented in Section 4.6. The number of samples for each model was
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Parameter | Actual parameter Actual parameter Initial parameter
values for values for values for

for model 1 for model 2 for models 1 and 2

0 030 070] [ [ 0 0.30 0.70] | [0.00 0.50 0.50]

A° 0.75 0 0.25 070 0 030 0.10 0.00 0.90

1015 0.85 0 | | |0.50 0.50 O | | [0.50 0.50 0.00]

p [-10 0 10] [-10 0 10] [-15 3 15)
o’ [5 5 5] [10 10 10] 8 8 8
W [10 20 30] [10 20 30] [10 10 10]
n [5 10 15 [5 10 6] [1 10 20]
v [50 200 450] [50 200 180] [10 100 200]

Table 4.2: Actual and initial values of the parameters of HSMM models used
in simulating our off-line identification algorithm.

T = 10000. The actual values of the parameters are given in Table 4.2. The
first model can be considered to be in a low-noise condition (i.e., |p; — fhiq1| >
0?) while the second model is in high-noise condition. The initial values for
the model parameters in both cases are similar, and are shown in Table 4.2.
Figures 4.8 and 4.9 illustrate how some of the parameter estimates are updated
in each iteration. We observe that the parameter estimates converge to the
actual value of the parameters after a few iterations. The log-likelihood of
the total observation Yr given the parameters estimate, log(P()r|8)), is also
plotted in figures 4.8-d and 4.9-d. As shown, this log-likelihood increases in

* each iteration, demonstrating that the algorithm finds the maximum-likelihood

estimate of the model parameters.

In the next experiment, we applied our method for online identification
of HSMMs to two HSMM signals, with the parameters shown in Table 4.3. As
shown, the actual parameters of the second model change at ¢ = 5000. The
results of estimating some of the parameters of these models are presented in
figures 4.10 and 4.11, respectively. We observe that the parameter estimates
converge to the actual value of the parameter as ¢t becomes large, and that our
algorithm successfully tracks the changes in model parameters.
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Parameter | Actual parameter Actual parameter

values for values for model 2

model 1 1<t <5x10°

0 0.80 0.20 0 050 0.50

A° 050 0 0.50 050 0 0.50
0.30 070 O 030 070 O

© [-10 0 10 [-10 0 10]
o’ 2 2 2] [4 4 4]
M [10 20 30 10 20 30]
n [5 10 15 [5 10 15]

v [50 200 450] [50 200 450]

Parameter Actual parameter Initial parameter
values for model 2 values for

5x 108 <t < x10* models 1 and 2

0.00 0.50 0.50 0.00 0.50 0.50

A° 0.15 0.00 0.85 0.50 0.00 0.50

0.30 0.70 0.00 0.50 0.50 0.00

I [-5 0 10] [-13 4 20]
o [4 4 4] [10 10 10
L [10 20 30 5 10 10]
n [5 10 15] 8 10 20]

v [50 200 450 [40 100 200]

Table 4.3: Actual and initial values of the parameters of HSMM models used

in simulating our online identification algorithm.
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Figure 4.8: a-c) Parameter estimates for the first model versus the iteration
number. The dotted lines show the actual value of the parameters. d) The
log-likelihood function, log(P(yy,ya, ..., 4:|6)), versus the iteration number.
As shown, log(P(y1, ya, ..., 4:|6)) increases in each iteration.
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Figure 4.9: a-c) Parameter estimates for the second model versus the iteration
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log-likelihood function, log(P(yy,ya, ..., 4:|0)), versus the iteration number.
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Figure 4.10: Online estimation of a 3 state HSMM: a) state transition prob-
ability ay; b) observation mean for state 1, p;; c) state duration mean for
state 1, pus1. The dotted line shows the actual value of the parameter. The
parameter estimate converges to the actual value of the parameter.
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parameter estimates follow the temporal changes in the actual value of the
parameter.




4.9.2 Numerical Results for Empirical TV Traffic Traces

In this experiment, we first fitted an HSMM model to the empirical traffic
traces of a few typical TV programs using the offline parameter identification
method presented in Section 4.6. The empirical traffics are from the video
sequences described in tables 2.4 and 2.5 in Section 2.5. Table 4.4 shows the
numerical value of the estimated model parameters for three of the sources.
Figures 4.12-4.14 show how the model parameters converge to the final esti-
mate as more iterations of the off-line algorithm are performed.

Then, we obtained the effective bandwidth curve a{f) from the esti-
mated HSMM model parameters using the method presented in Section 4.8.
Figure 4.15 shows the obtained effective bandwidth curves. As shown, a(f) is
an increasing function of @, where «(0) is the average rate and «(oo) is the
maximum rate of the source.

Then, we employed the obtained effective bandwidth curves in our ad-
mission control scheme, and plotted the maximum waiting-time T,, versus rate
R (see Figure 4.16) for an incidental stream that uses the stochastic service
class, and for a constant loss probability p.

In next simulation, we examined the accuracy of our stochastic admis-
sion control mechanism. We considered a transmission system, which multi-
plexes N main video streams, one incidental stream using the deterministic
service, and one incidental stream using the stochastic service. We conducted
two experiments using two different simulation parameters, as shown in table
4.5. The first set of parameters are selected to simulate cable transmission
medium, while the second set simulates a terrestrial medium?®. The incidental
stream using the deterministic service class has the rate R,. Then, we used
the stochastic admission control scheme to obtain the loss probability for an
incidental stream with rate R and waiting time T, that uses the stochastic
service class. Finally, we simulated the buffering operations in the transmis-
sion system?®, and observed p the loss probability of incidental stream that uses
stochastic service class. Figures 4.17-a and 4.17-b illustrate the loss probabil-

2A 6 MHz channel in the cable medium is capable of delivering digital data at the 19.8
Mbps rate. This capacity is usually shared by 4 or 5 TV programs. In terrestrial medium,
a 6 MHz channel is capable of delivering at the 39.8 Mbps rate, which is usually shared by
8 or 9 TV programs

3The packet scheduling method employed in this simulation is described in detail in
Chapter 5.
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ity p versus R obtained from simulation and admission control scheme for the
simulation parameter sets I and II respectively. Asshown, the actual loss prob-
abilities obtained from simulation, shown by the plus signs, are very to the loss
probabilities estimated by the admission control scheme. These results verify
that our stochastic admission control scheme can accurately estimate the sys-
tem performance in terms of loss probabilities. Furthermore, it is noted that
the admission control is more accurate for a larger T, parameter. That is the
actual loss values are closer the loss probabilities estimated by the admission
control in Figure 4.17-a, where T,, = 30, than Figure 4.17-b, where T}, = 5.
This is due to the fact that our admission control scheme is designed based on
the assumption that the buffer waiting-time (or the buffer size) is very long.
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Figure 4.12: Online estimation of HSMM parameters for the ‘Talk show’ se-
quence.
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Figure 4.13: Online estimation of HSMM parameters for the Documentary
(Best Places in Canada) sequence. ’
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Simulation parameter
set I {cable medium)

Simulation parameter
set IT (terrestrial medium)

Transmission rate 19.8 Mbps 39.8 Mbps
Number of TV programs 4 8
sharing the channel, N
Maximum bitrate assigned | 4.5 Mbps 4.5 Mbps
to each main video stream
Transmission capacity 18 Mbps 36 Mbps
reserved for video streams
Transmission capacity 1.8 Mbps 3.8 Mbps
reserved for audio streams
and other ancillary data
Rate of the incidental 0.8 Mbps 1.5 Mbps
stream that uses the
deterministic service class
Main video stream 1. Mission Impossible | 1. Mission Impossible
sources 2. News 2. News
3. Talk Show 3. Talk Show
4. Documentary 4. Documentary
5. Court Show
6. Muppets show
7. Soap opera
8. Cartoon

Table 4.5: Simulation parameters.
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Effective Bandwidth curve for the News sequence
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Figure 4.15: Effective Bandwidth curves of video sequences of typical TV
programs.
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Figure 4.16: T, versus R for an incidental stream that uses the stochastic
service class.
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Probabaility of loss versus R, T =30
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Figure 4.17: Probability of loss p versus rate R, where T, is constant. The solid
lines illustrate the loss probabilities obtained by the admission control scheme,
and ‘4’ signs illustrate the actual loss probabilities obtained from simulating
the multiplexing system. As shown, actual loss probabilities obtained from
simulation are close to what obtained from the admission control.
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4.10 Chapter Conclusion

In this chapter, we studied stochastic traffic models for modelling the traffic
of full screen video sources in digital TV. We showed that though HMMs can
adequately capture most of the stochastic properties of video traffic sources,
they cannot adequately model the state duration densities for the full screen
video sequences. Therefore, we selected the more sophisticated HSMM models
for modelling the video traffic sources in the proposed ITV application. Fur-
thermore, we gathered some evidence from empirical traffic samples of typical
TV programs, which showed that Gamma distribution is a good model choice
for modelling the state durations densities.

Next, we presented a novel signal model for HSMMs. We showed that
our signal model results in easier and more efficient parameter identification
algorithms. Based on our new model, we presented a variant of the EM al-
gorithm for off-line identification of HSMMs. Furthermore, we presented an
online identification algorithm based on our new signal model, and based on
the general recursive prediction error technique. Using these methods, one
can efficiently estimate the parameters of an HSMM for off-line or online cases
from the traffic samples .

Next, we showed how the numerical value of the effective bandwidth
function is obtained from the parameters of an HSMM. Our approach is based
on reformulating an HSMM as an HMM of a higher dimension.

In summary, one can use the methods presented in this chapter to ob-
tain the numerical value of the effective bandwidth function of a source from
the traffic samples. The obtained effective bandwidth curve is used in con-
junction with the admission control methods presented in Chapter 3 to find
the maximum waiting-time for an incidental stream that uses the stochastic
service class.

Up to this point (i.e., Chapters 2-4), we have presented methods which
find the maximum waiting time for an incidental stream that uses the deter-
ministic or the stochastic service classes. These methods determine when the
data packets of an incidental stream should be made available to the transmit-
ter for transmission. In the next Chapter, we describe how the data packets
of main and incidental streams are actually handled during multiplexing.
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Chapter 5

Broadcast Head-End
Architecture

If something anticipated arrives too late it finds
us numb, wrung out from waiting, and we feel -
nothing at all. The best things arrive on time.

-Dorothy Gilman, A New Kind of Country,
1978.

Overview

A system for multiplezing main and incidental stream data is presented. The
role and 1mportance of packet scheduling policy is discussed, and a novel schedul-
ing algorithm is presented. Our approach ensures that all the main and inci-
dental streams are treated according to their importance.

5.1 Introduction

In this chapter, we present our design of the transmitter head-end for our
interactive digital TV system. As discussed in Chapter 1, the digital TV
standard requires that the encoded video and audio streams of a TV program
be delivered to the TV receivers in the form of a single multiplexed stream
called ‘Transport Stream’, (T'S). The syntax of transport stream is defined in
the digital TV standard. Here, we present our design of a multiplexer system,
which is capable of multiplexing incidental streams data alongside the main
streams data. Our system takes the priority of the main and incidental streams
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into account, and manages the flow of the data packets in the system such that:
1) all the main data packets are transmitted on time, 2) all the incidental data
which are transmitted using the deterministic service class are transmitted on
time, 3) the bandwidth that is not used by the main streams or deterministic
service class streams is fairly shared among the incidental streams that use
stochastic service class, and 4) the remainder unused bandwidth is fairly shared
by the incidental streams that use the best-effort service class.

One crucial part of our multiplexing system is a scheduling algorithm,
which determines the order of packets in the interleaved packet sequence that
forms the transport stream. We present a scheduling algorithm for our multi-
plexing system. Our scheduling algorithm employs a prioritizing policy, where
input data streams are divided into six different priority classes. Data packets
belonging to each class are considered for transmission only if the higher pri-
ority classes do not have any data packet ready for transmission. This ensures
that more important data (e.g., main streams) are given a higher priority than
less important data (e.g., incidental streams). Furthermore, we use a weighted -
fair queuing policy for scheduling the streams of each priority class. In this
policy, the waiting time of each data packet is considered as the key decision
factor to decide which packet must be served next. Our approach ensures
that the bandwidth is fairly divided among the streams of each priority class.
Our scheduling algorithm also ensures that the generated transport stream is
compliant with the standard TV receiver model, as indicated by the American
digital TV standard ATSC. This ensure that any standard digital TV receiver
or set-top box can extract and decode the main streams from the transport
stream generated by our system.

The rest of this chapter is organized as follows. In Section 5.2, we
present an overview of of standard digital TV multiplexing systems. Then,
we present our design of multiplexing system for our interactive TV system in
section 5.3. In 5.4, we present our scheduling algorithm. Chapter conclusion

is presented in Section 5.5.




5.2 Multiplexing System Structure of
Standard Digital TV System

A conceptual diagram of a multiplexer system at the head-end of a TV trans-
mission system is shown in Figure 5.1. This system multiplexes the video and
audio streams of a number of TV programs, and creates a multiplexed trans-
port stream. This transport stream is then broadcasted over a cable, terrestrial
or satellite channel to the TV receivers. For most TV programs, the source
video and audio source sequences are captured at a different location than the
transmitter head-end. In this scenario, the source video and audio streams
are usually delivered to the transmitter system through a private high-speed
link, such as a satellite link. For more details about the standard digital TV
transmitter architecture see [93-96].

5.3 Multiplexing System for Our Interactive
TV System

Figure 5.2 shows the diagram of our multiplexing system. The data inputs to
our multiplexer systems are the video and audio streams, which come from
a broadcast station in the case of live programs, or from an off-line storage
medium in the case of prerecorded programs. The output is a single transport
stream, which has the constant bitrate of Ryg bps. As shown, our multiplexer
system consists of four basic units: 1) ‘T'S packetizer’ units, which packetize
the input stream and generate TS packet streams; 2) ‘Traffic Shaping Unit’,
which passes the T'S packets to the multiplex buffers at a regulated rate; 3)
‘Multiplexing Buffers’, which hold the TS packets ready for transmission; and
4) ‘Scheduling Unit’, which takes the TS packets from the multiplex buffers
and creates the multiplexed transport stream. We will discuss the mechanisms
of these units in more details in the following sections.

As shown, a ‘scalable transcoder’ re-encodes an incidental stream to
generate a three layer scalable stream. In a general scenario, the base layer is
transmitted using the deterministic service class; the first enhancement layer
is transmitted using the stochastic service class; and the second enhancement
layer is transmitted using the best effort service class. The bitrate of each layer
is determined during the admission control process by the admission control
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5.3.1 TS packetizer

The TS packetizer units simply break the input bitstream into 184 byte units,
add the 4 byte TS packet header as indicated by the standard, and generate the
TS packets of size 188 byte. For more information about TS packet structure
see [93,94,96,97].

5.3.2 Traffic Shaping Unit

As shown in Figure 5.2, the traffic shaping unit passes the TS packets from
the packetizer units to the multiplex buffers. The function of this unit is to
requlate the rate of packet submission to the multiplex buffers. This rate
regulation is necessary to ensure that the actual amount of data submitted
to the multiplex buffers is in accordance with the bandwidth reserved for
the main streams. Furthermore, the traflic shaping unit controls when the
incidental data packets are submitted to the multiplex buffers. That is, this
unit is responsible for sending the incidental data to the multiplex buffer T,
seconds before their transmission deadline.

As shown, the traffic shaping unit uses a buffer for each stream, and con-
trols the packet departures from each buffer by using a buffer control unit for
each buffer. These buffer control units use different schemes for each stream,
as described below.

Main Audio Streams Main audio streams in digital TV applications have
a constant bitrate. If the bitrate of a main audio stream is R;, then the
buffer control unit ensures that no more than [Sfﬁ} TS packets are
submitted to the multiplex buffer during each 1 second period, where
[2] denotes the smallest integer greater than or equal to z. For this
purpose, the buffer control unit uses a Token variable. The token variable
is updated periodically every 1 second to [Ex_Rféﬂ' Whenever a packet
from the buffer is submitted to the multiplex buffers, its token variable
is decremented. The buffer control unit sends a TS packet only if the
assigned token variable is greater than zero.

Main Video Streams If a main video stream is characterized by its maxi-
mum bitrate and not a (&, p) model, then a similar scheme to what is
used for main audio streams is used by the buffer control units.
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However, if a main video stream is characterized by a (&, 7) model, then
the method used by the buffer control unit is different. In this case, the
buffer control unit must ensure that the aggregate number of TS packets
submitted to the multiplex buffer in any time window of length t is less
than min;(o; + p;t) 1. Fortunately, there is a very powerful and efficient
method for implementing this mechanism based on Token Buckets. A
token bucket is a mechanism for ensuring that the traffic generated by
a source is compliant with a single (o, p) model. A token bucket is
simply a variable initialized to o and incremented at rate p. This variable
is bounded from above by 0. Whenever a packet is submitted to the
multiplex buffer, the token bucket variable is decremented. The buffer
control unit submits a T'S packet only when the token variable is greater
than zero. '

For a (@, p) model consisting of N (o, p) pairs, N token buckets should
be employed. The buffer control unit submits a TS packet only when
the minimum of all the N token variables is greater than zero. This
mechanism ensure that the total traffic delivered to multiplex buffer
complies with the (&, §) model.

PSI tables Program Specific Information (PSI) tables are data tables em-
bedded into the transport stream, which contain important information
necessary for demultiplexing the transport stream [93,95,97]. For exam-
ple, PSI tables carry the so called ‘identification numbers’, which tell the
digital TV receivers which packets should be decoded for a specific TV
program. There are four types of PSI tables: Program Allocation Ta-
ble (PAT), Program Map Table (PMT), Conditional Access Table (CAT)
and Private Tables [95,97). Since PSI tables carry information necessary
for decoding the transport stream, it is necessary that PSI tables are re-
peatedly inserted into the transport stream. The repetition frequency of
PSI data is not specified by the MPEG standard. However, it is advised
that the PSI tables be repeated between 10 to 50 times per second.

We employ a token variable for controlling the transmission frequency of
each PSI table. These token variables are updated periodically according

!Note that the variables o and p should be translated from bits and bps to ‘TS packet
count’ and ‘TS packets per seconds’ by dividing them to 8 x 188 and rounding towards
infinity.
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to the repetition frequency of the PSI tables and the actual size of the
PSI table in bytes. The buffer control unit of PSI tables submits a TS
packet to the multiplex buffer only when the assigned token variable is
greater than zero.

Incidental Streams The function of buffer control unit for incidental streams
is to send the incidental TS packets to the multiplex buffer 7T, seconds
before their transmission deadline. Since incidental streams have a con-
stant bitrate, this mechanism is easily implemented by sending the first
TS packet of an incidental stream exactly T, seconds before the decod-
ing time of the first frame of the incidental stream; the consecutive TS
packets are submitted to the multiplex buffer at the constant rate of
the stream. For example, consider an incidental stream with maximum
waiting time T, and rate R bps, which is equivalent to R/(8 x 188)
TS packets per second. Also suppose that the decoding of this stream
should start at time 7". Then the buffer control unit will send the first
TS packet of this stream at T — T,, to the multiplex buffer; and each
consecutive TS packet is transmitted after (8 x 188)/ R seconds.

5.3.3 Multiplex Buffer

Multiplex buffers hold the TS packets that are ready for transmission. The
size of multiplex buffers for main streams is selected such that these buffers
never overflow. A buffer of size .5 x R, where R is the maximum bitrate of the
stream in bps is usually enough. The size of multiplex buffers for incidental
streams is T, x R, where T, is the maximum waiting time assigned to the
incidental stream during the admission control process.

5.4 Scheduling

5.4.1 Scheduling Unit Objective

Suppose the bitrate of transport stream is Rpg bps. Since each TS packet has
the constant size of 188 bytes, then each TS packet is transmitted in exactly
A= % seconds. We call A a transmission time-slot. That is, a transmission
time-slot represents the time required for sending 188 bytes of data. Hence a
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Figure 5.3: Scheduling unit decides which TS packet should be sent at the
next transmission time-slot. -

free time-slot represents the opportunity of sending only one TS packet. The
function of the scheduling algorithm is to assign each transmission time-slot
in the TS stream to one of the input streams, as shown in Figure 5.3.

5.4.2 Prioritizing Policy

Our algorithm employs a prioritizing policy, where the input streams are di-
vided to different priority classes. Each class of streams is served only when
higher priority streams do not have any data packet ready for transmission. In
priority order, these classes are: 1) PSI tables, 2) main audio streams, 3) main
video streams, 4) incidental streams with deterministic service class, 5) inci-
dental streams with stochastic service class, and finally 5) incidental streams
with best effort service class.

5.4.3 Limitations Imposed on Scheduling by the Digital
TV Standard .

The digital TV standard has defined a reference model for the buffering pro-
cess in digital TV receivers, called ‘Transport Stream System Target Decoder’
or TS-STD. This reference model specifies a standard layered buffering struc-
ture required to de-multiplex and decode a transport stream [93-96]. It also
specifies the minimum size of each buffer and how data flows between the
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buffers. The purpose of this reference model is to standardize the buffering
process at TV receivers. All digital TV receivers are required to implement
the TS-STD, and all the transport streams must be generated in compliance
with this reference model.

Hence, our transport stream multiplexer must employ a mechanism to
ensure that the generated transport stream is compliant with the reference
target decoder. This function is performed by the scheduling unit. That is,
the scheduling algorithm should ensure that assigning the current transmission
time-slot to a specific stream will not result in a buffer overflow in the reference
TS-STD model. We implement this mechanism by simulating the T'S-STD
model for each TV channel. Using the simulated TS-STD model, we first
check that assigning the current time-slot to a stream does not result in a
buffer overflow in the TS-STD model.

5.4.4 Scheduling Algorithm

As discussed before, the function of the scheduling algorithm is to decide which
stream should occupy the next transmission time-slot in the transport stream.

The mechanisms of our scheduling algorithm can be broken into two
conceptual steps. In the first step, our algorithm creates a set of candidate
streams. The candidate streams are selected by selecting the streams that
1) whose multiplex buffer is not empty, 2) the TS-STD model allows them
‘to be transmitted at the current time-slot, and 3) they have higher-priority
than other streams that satisfy the first two conditions. Therefore, candidate
streams are all selected from the same priority class, and are all eligible for
transmission at the current time-slots.

In the second step, the algorithm selects one stream among the can-
didate streams for transmission. Depending on the type of the candidate
streams, we use different policies to decide which candidate stream should be
transmitted. For PSI tables data, a simple round robin policy is used. For
main streams (either video or audio), let W; denote the buffer workload and
R; the maximum rate of the stream. Then, we select the stream for which
W;/R; is maximum. For incidental streams (either deterministic, stochastic or
best effort services), we use an ‘Earliest Deadline First’ (EDF) policy. Let W,
be the buffer workload, R; the stream rate and 7T; the maximum waiting time
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Figure 5.4: Packet drop off in Multiplex buffers of stochastic and best-effort
service classes. When a new packet arrives to a full buffer, it is pushed into
the buffer.

assigned to the stream. Then we assign the deadline
W;
R;

to each stream. Note that a small d; means that data packets in the buffer

are close to passing their maximum waiting time. The scheduler selects the
stream that has the smallest d;.

5.4.5 Packet Drop-Off

The admission control schemes, along with the mechanisms used by the traffic
shaping unit, ensure that the multiplex buffers of PSI tables, main streams,
and incidental streams using deterministic service will never overflow. That is,
these mechanisms ensure that the aggregate number of TS packets submitted
from these stream to the multiplex buffer during each scheduling cycle is less
than or equal the number of packets that can be transmitted. Therefore, we
expect to experience no packet drop off for these streams.

However, we anticipate that the multiplex buffers of the incidental
streams with stochastic and best effort service classes overflow occasionally.
This overflow occurs when the transmission line is committed to the main and
incidental streams with deterministic service class for a long time, and the
scheduler cannot send enough TS packets from the incidental streams with
stochastic or best effort service classes. In this case, the exceeding TS packet
in the multiplex buffer should be dropped off. This is shown in Figure 5.4.
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As shown, when a new TS packet arrives to a full multiplex buffer, the new
packet is pushed into the buffer. That is, a packet from the buffer beginning is
dropped, other packets are shifted, and the new packet is added to the buffer
end. The reason that we drop the first packet from the beginning of the buffer,
and not the new packet, is that first packet has been in the buffer for more
than the assigned maximum waiting time 7., and hence it is too late to trans-
mit this packet. Note that the multiplex buffer size is T, x R, and is filled at
the constant rate R.

5.5 Chapter Conclusion

In this Chapter, we designed a multiplexer system for the transmitter head-end
of our interactive TV system. We described the buffering structure required
for handling the main, incidental and other ancillary data packets. Then,
we presented a novel scheduling scheme for controlling the multiplexing op-
erations. Our scheduling method ensures that all the main and incidental
streams data packets are treated according to their importance during the
multiplexing process.

Furthermore, our scheduling algorithm employs a technique which en-
sures that the broadcasted stream is backward compatible with conventional
digital TV receivers. This guarantees that conventional digital TV receivers,
which are not programmed for our interactive TV system, are able to display
the main video and audio content without any discrepancy.
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Chapter 6

Thesis Summary

In this thesis, we proposed and defined a new interactive system for digital TV.
This system gives TV viewers the freedom to control TV program content. In
so doing, we have introduced a new technological concept, which improves the
home entertainment technology.

We then addressed the most challenging issue involved in the design of
the proposed interactive TV system. This issue concerns adding extra inci-
dental data to a digital TV transmission channel. This must be accomplished
without increasing the bandwidth or degrading the quality of other programs.
We then presented data transmission schemes for our interactive TV system
that allows to transmit the incidental data. We efficiently took advantage of
any unused bandwidth in the transmission channel to transmit the inciden-
tal data. We classified the transmission schemes of incidental data into three
classes, deterministic, stochastic, and best-effort service classes.

We proposed to use scalable video coding for the incidental streams. In
this approach, an incidental stream is encoded to a three-layer scalable stream.
The base, first enhancement and second enhancement layers are transmitted
using the deterministic, stochastic and best-effort service classes respectively.
This technique not only results in very efficient bandwidth utilization, but also
improves the perceived picture or audio quality of incidental streams.

We then designed an admission control scheme for the deterministic and
stochastic service classes. These admission control schemes answer the crucial
question of whether an incidental stream can be added to a TV program or
not. Our approach in designing the admission control schemes was based on
modelling the traffic of main video streams using a traffic model. This model
is then used for designing the admission control test.
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In the case of the deterministic service class, we employed the (&, 7)
model for modelling the traffic of main main streams. We developed methods
for fitting the (&, 5) model to traffic sources. These methods are more efficient
and more accurate than previously available methods. In so doing, we helped
to advance the knowledge in the deterministic traffic modelling field. We then
adapted the ‘Network Calculus’ theory, and designed an efficient admission
control scheme for the deterministic service class.

For the stochastic service class, we employed Hidden Semi-Markov Mod-
els (HSMM) for modelling the traffic of main video streams. We developed
efficient methods for the identification of HSMM model parameters for off-line
and online cases. In so doing, we have advanced existing knowledge about
the general semi-Markovian signal models, off-line and online identification
of HSMMs, and stochastic traffic modelling of full-screen video sources. Us-
ing the ‘Effective Bandwidth’ theory, we then designed an efficient admission
control scheme for the stochastic service class.

Then, we presented our design of a data multiplexer for the transmit-
ter head-end of our interactive digital TV system. Our design is capable of
multiplexing incidental stream data alongside the main streams data. We
described how the flow of main and incidental data packets are controlled dur-
ing the multiplexing process. We presented a novel scheduling scheme, which
determines the order of data packets in the broadcasted packet sequence. Fur-
thermore, we employed mechanisms which ensure that the conventional digital
TV receivers can extract and display main video and audio content from the
multiplexed stream. This makes our system backward compatible with the
presently existing conventional digital TV receivers.

We have tested the validity and efficiency of the methods presented in
this thesis via simulation experiments. Numerical results of these experiments
are presented throughout the thesis.

In summary, this thesis presents efficient data transmission schemes for
transmitting extra video and audio content alongside conventional digital TV
data. By exploiting the methods presented in this thesis, new interactive TV
applications are enabled, and the home entertainment technology is advanced.
Furthermore, some research results presented herein, can benefit other research
areas, such as deterministic traffic modelling, QoS enabled data networks, and
semi-Markovian stochastic models.
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6.1 Thesis Contributions Summary

The major contributions of this thesis are summarized as follows, where they
are listed in the order of appearance in the thesis.

e New interactivity concept: We defined a new interactivity concept
for TV, which allows TV viewers to personalize the video or audio content
of TV programs. This new interactivity concept drastically enhances TV
viewers experience, and advances the home entertainment technology.

e Data transmission before presentation time: We developed a novel
transmission technique for transmitting the incidental data units ahead
of their presentation time. This technique allows us to take optimal
advantage of the transmission bandwidth that is unoccupied by the main
streams.

o Deterministic admission control: A new admission control scheme
was developed in chapter 2 to be used in the deterministic service class.
This is the most important line of development of this thesis in the
context of the deterministic service class.

e (7,p) Model fitting: The algorithm presented in chapter 2 for fitting
(&, p) model to a traffic source is one of the contributions of this thesis.
This algorithm is useful in any application that employs (&, p) model.

e Physical interpretation of effective bandwidth: A new physical
interpretation of effective bandwidth is offered in chapter 3. Such in-
terpretation is important because it helps in advancing the stochastic
queuing theory.

e Stochastic admission control: A new admission control scheme was
developed in chapter 3 to be used in the stochastic service class. This is
the most important line of development of this thesis in the context of
the stochastic service class.

¢ Employing HSMM for modelling the full-screen video traffic:
We showed in chapter 4 that HSMMs are a better model choice than
HMDMs for modelling the stochastic properties of full-screen high bitrate
video. This line of development advances the video modelling field.
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e New signal model and identification algorithms for HSMM: We
presented a new signal model for HSMMs in chapter 4. This model re-
sults in more efficient model parameter identification algorithms. We also
presented off-line and online parameter identification algorithms based
on our new signal model. The new signal model and identification algo-
rithms are useful in any application that employs HSMMs, and are one
of the most important contributions of this thesis.

e Effective bandwidth of HSMMs: In chapter 4, we showed for the
first time how to obtain the effective bandwidth of an HSMM signal. This
line development is useful in any queuing application that uses HSMM
traffic.

6.2 Future Research

In this thesis, we mainly focused on the mechanisms used at the transmitter
head-end. Obviously, in order to display an incidental stream, a digital set-box
receiver is required, which should be specifically designed and programmed for
the proposed ITV application. In the context of this thesis, a set-top box is
considered as a black box equipped with a large buffer (e.g., a hard disk) for
caching the incidental stream data. This set-top box is assumed to be capable
of controlling the playback of main and incidental streams. Though, the design
concepts for the set-top box receiver architecture are simple, there is room for
improvement. Thus, it is beneficiary to exploit the set-top box architecture
in more detail in future research. For example, one can improve the buffer
management schemes used at the receiver end for controlling the cashing of
the interactive content, such that the incidental data is not lost when a TV
viewer switches channels, and such that the random access delay for incidental
streams is reduced. One can also improve the user interface (e.g., menus where
TV viewers select their choices about a TV program), such that TV viewers
can interact with the TV program more efficiently, and navigate among the
main and incidental streams easier.

Furthermore, future research may improve the traffic models used in this
thesis. For example, one can exploit the possibility of using stochastic traffic
models other than HSMMs, such as self-similar models, or Transform-Expand-
Sample (TES) traffic models, for modelling the traffic of main video sources.
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This can result in easier, more efficient, or more accurate traffic models.




Appendix A

Proof of Theorem 1 in Section
2.4

Theorem 1 Assume a traffic source constrained by A%, (t) traverses a system
that offers the service curve B(t). The waiting time d(t) for all t satisfies:
d(t) < h(Ar,, B) [35, 36].

Proof It follows from the definitions of d(t) (equation 2.28) and h({As,, Asu)
(equation 2.31) that

T < WA, Aor) = At —7) > Aoue(t) (A1)

Now consider some fixed ¢. From the definition of d(¢), for all 7 < d(t)

we have ‘ :
Azn(t) 2 Aout(t + T) (A2)

Now the service curve property at time t+7 (equation 2.29) implies that there
is some s such that

Apu(t+7) > At +7—5) 4+ B(s) (A.3)
So, from A.2 and A.3 we have
A (t) > At + 17— 5) + B(s) (A.4)

It follows from this equation that A;,(t) > A (t + 7 — s), which implies that
t>t+ 71— 5. Thus,

B(s) < Ap(t) — At +7—35) <AL (s — 7) (A.5)
From the definition of h{ A}, 3) (see A.1) and A.5 it follows that 7 < h(A7,, 5).

wmn)

Since this is true for all 7 < d(t), we conclude that d(t) < h(A},, ), QE.L
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Appendix B
Q-Q Plot

The ‘Quantile-Quantile’ (Q-Q) plot, also known as ‘probability plot’ is a graph-
ical technique for assessing whether or not an experimental data set follows
a given distribution such as the normal or Weibull [98-100]. This technique
is also used for determining if two data sets come from populations with a
common distribution. By a ‘quantile’, we mean the fraction (or percent) of
points below the given value. That is, the 0.3 (or 30%) quantile is the point
at which 30% percent of the data fall below and 70%fall above that value.

A Q-Q plot is a plot of the quantiles of an experimental data set against
the quantiles of the assumed distribution. If Q-Q plot is used to determine
if two data sets come from the same distribution, then quantiles of the first
data set are plotted against the quantiles of the second second data set. If the
experimental data are actually from the assumed theoretical distribution, then
the points in Q-Q plot should form approximately a straight line. This case
is illustrated in Figure B.1-a. In this figure, the vertical axis is the quantile of
the experimental data, and the horizontal axis is the quantile of a candidate
probability distribution. As shown, the points in this Q-Q plot are very close
to form a line. This indicates that the experimental data are actually drawn
from a population with the assumed distribution. However, departures from
this straight line indicate departures from the specified distribution. This
is illustrated in Figure B.1-b. Hence, one can use the correlation coefficient
associated with the linear fit to the data in the Q-Q plot as a measure of the
goodness of the fit.

In practice, Q-Q plots can be generated for several competing distri-
butions to see which provides the best fit. In this case the probability plot
generating the highest correlation coeflicient is the best choice since it gener-
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Appendix C

Likelihood Ratio Test

C.1 General Likelihood Test

Let Sy = {s1,89, -+, sr} be samples from a stochastic model, and let 6 de-
note the model parameters, which takes it values from the space Q. Using
the maximum likelihood principle, one can estimate the model parameters by
finding 6 such that L(8) = P(Sp|6) is maximized. This can be regarded as
finding the ‘best’ explanation for the observed Sr.

Now suppose one wishes to test whether some of the model parameters
are restricted or not, for example, if some of the model parameters are bounded
or if some of the model parameters are zero. Formally, this is denoted by
testing if @ € w, where w is a subspace of Q. The usual approach to this
problem is based on the likelihood ratio concept, which is defined as

sup L(6)

A(Sr) = -Sfm (C.1)
Q

That is, A(St) is the ratio of the best chance of observing St for 8 € w to the
best chance of observing St for 8 € Q. Since w C €2, then A is always between
0 and 1. Values of A close to 1 suggest that the data are very compatible with
0 € w. That is, St is explained almost as well by the parameter estimates
under O € w as by parameter estimates under € € . For these values of A
we should accept 8 € w. Conversely, if A is close to 0, then the data would
not be very compatible with & € w and it would make sense to reject 8 € w.
This is the rationale behind the likelihood ratio test. A likelihood ratio test is
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a hypothesis test for testing
HO: 0 ew (C.2)
against
HIl: 6 € Q, wC 8 (C.3)

In order to obtain the rejection region and confidence intervals, it is
necessary to know the distribution of A. However, this is ordinarily very com-
plicated. Fortunately, it is shown that under very general conditions —2In(A)
has a x? distribution with n degree of freedom, where n is the difference in the
dimension of w and Q. Hence, by comparing —2In(A) to the upper 100x (1—c)
percentile point of a x? distribution, one can decide to reject HO or not. « is
known as the significance level of the test, and is usually selected a = 5.

REMARK As a general concept in hypothesis testing, the H1 hy-
pothesis represent a more general case (or more complex concept) than HO0.
In these cases, the H1 hypothesis is adopted unless there is sufficient evidence
to reject the special (or simple) hypothesis H0. This concept is conveyed in
the test by the notion of w C €.

C.2 Likelihood Ratio Test for testing the HMM
model against HSMM model

Suppose we have two signal model candidates for modelling an empirical se-
quence Sp, and would like to use the likelihood ratio test to determine which
candidate is the better choice. The first model candidate is a Markov chain
with N states. In such a model, the signal makes a transition to a néw state
or stays at the same state at each time instance. The next state of signal de-
pends only on the current state, and is selected according to a constant state
transition probabilities matrix A = [a;;]. This model is parameterized with
0 = (a1, -+ ,an_1.n). It is easily shown that state durations have a Geomet-
rical probability mass function, where the probability of staying exactly d time
units in state 7 is given by oi(d) = a%' (1 ~ ay)

The second model candidate is a Semi-Markov chain with the same
number of states (i.e., N states). In this model, once the signal enters a new
state, a state duration d is selected, and the signal stays exactly for d time units
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in the same state. After d time units, the signal will make a transition to a new
state. The state duration d for state 7 is selected according to the probability
mass function ¢;(d), where ;(d) is a discretized Gamma probability density
function. That is, ,

0i(d) = /d B f‘z)(-’l-/sa:"i_le’"i’”da: (C.4)
v; and n; are parameters of the Gamma pdf. This signal model is parameterized '
with @ = (a12,a13, "+ ,GN_1N,T1, " ** »TINs V1, UN), Where A = [ay] is the
state transition probabilities. Note that a;;’s are zero, and Zjvzl a;; = 1 for all
1<i<N.

We use the likelihood ratio test to determine if the Semi-Markov chain
is a better model choice for the empirical trace Sp. More precisely, we test
the null hypothesis ‘HO: Sy is generated by a Markov chain’ against ‘H1:
St is generated by a Semi-Markov chain’. According to equation C.3, it is
necessary to parameterize the signal models such that HO represent a special
case of H1. This means that we should model a Markov chain as a special
case of a Semi-Markov chain with Gamma state duration densities. This is
easily done by defining

N .
HO: 8 € w, w={9|111:VQZ"':UNZI,ZCLU:1,1SiSN}
. j=1
N .
Hl: 0€Q, Q={0]> a;=11<i<N} (C.5)
j=1

Note that w is a subspace of 2. We should just show that conditions in H0
represent a Markov chain. That is, letting vy = vy = -+ = vy = 1 in the
Semi-Markov chain model will result in a Markov chain. This is easily done
by letting v; = 1 in equation C.6.

.|
goi(d):/ L _pl-temmz g
. d

- ()
= g~ Md=1) _ g—d (C.6)
Selecting a; = €77 results in ¢;(d) = afi‘l(l — a;;), which is identical to

Geometrical state duration densities of Markov chains.

Hence, one can find —21In(A) and compare it to the upper 100 x (1 — «)
percentile point of a y? distribution with N degree of freedom to decide to
reject the null hypothesis HO or not.
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Note that the hypothesis testing approach presented here is applicable
to testing the validity of a HMM model against a HSMM model for a given
empirical trace Y with very minor changes.
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