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ABSTRACT

MULTIRESOLUTION ANALYSIS FOR EFFECTIVE DYNAMIC
BANDWIDTH MANAGEMENT

by

Claude Turner

Advisor: Professor Joseph Barba

The aim of this dissertation is to develop effective dvnamic bandwidth management algo-
rithms to meet the multiple quality of service (QoS) requirements of the various applica-
tions utilizing a telecommunication network. In recent years. growing processing power and
bandwidth have stimulated a new breed of applications. such as IP-based Private Branch
Exchange. video on demand and video conferencing. These new applications require more
innovative traffic management algorithms to meet multiple QoS requirements. and future
applications promise to be even more challenging. One of the main obstacle to improving
QoS is congestion at network nodes. which results in cell loss. delay and traffic fluctuation.
It is believe that predicting the bandwidth at the output of each network node is the key to
reducing such congestion and. thus. improving QoS. The proposed method is compatible
with current technologies such as Voice Over [P (VoIP). Multi-protocol Label Switching
(MPLS) and asynchronous transfer mode (ATM). The novelty of this approach hinges on its
exploitation of the discrete wavelet transform (DWT) of the network traffic. Recent studies

have shown that while network traffic consists of both long- and short- term dependence. its
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wavelet coefficients are short term dependent only. Hence. significant advantages may be
gained by emploving legacy traffic models in the wavelet domain. The DWT decomposes
the traffic into a low-frequency coinponent and its high frequency components--the details.
The low-frequency component of the traffic. are significant for long-term traffic behavior
and. hence. for bandwidth allocation. The high-frequency components are significant in

the short-term behavior of the traffic and. hence. for buffer-allocation.
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NOTATIONS

e i the set of nonnegative integers {0.1.2...}.

e " - the set of positive integers {1.2.3...}.
e _ the set of integers {....—-1.0.1....}

e Z° =Z — {0} - the set of nonzero integers.

® X - the set of real numbers.

e " - the set of nonzero real numbers.

e r - the traffic sequence (I )mew-.

¢ Ap, -theset {mom+1.--- 4}, 1>m. 1. meN
e \, -theset {1.--- .m}. meli

e B - the bandwidth formula.

e p - the prediction interval.
e D,r - the detail signal of r at level ;.
e 4,r - the approximation signal of r at level ;.

e n - the traffic length.
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Chapter 1

Introduction

1.1 Overview

Cougestion at a communication network node plavs a4 major roie i the degradation of
Qo the network, Tepieallv, several traffiec sources arrive at a network node. and all or
a subset of these must utilize one of several different out-going links. (Figure 1.1 shows
the simple case of a single output link with several input sources.) The problem is 1o
determine the bandwidth requirement on an out-gomg link so as to reduce congestion and
tooin general. improve quality of seriee 2QoS)in the network. A variery of methods have
been proposed to deal with this problem. but thev all have limitations. The Effective
Baudwidth NMethod 1. which has been one of the more popular of these and is based
on asstenimg a ixed bandwidth to each source. tends to over- and under- estimate the
bandwidth at varions times Thuso i recent vears, there have been an emergence of o

vitriety of alternative bandwidth management methods 2773 4. One approach that seems
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Figure 1.1: Network Node

to hold areat promise. is that of modeiling the traffic and or the traffic bandwidth in
the wavelet domain 27475 67, This new approach is driven by recent research showing
uerwork traffic 1o be self-similar (or long range dependent (LRD1v 778797 and is thus
not adequarely modeiled by the short-range dependent (SRD 1 models which have been the
mainstayv {or legacy rraffic models. However. research also show that the diserete wavelet
transform ' DWT) a4 tool thar allows for the analvsis of a signal at different resolutions -
de-correlates network trathic o that at each seale. waveiet coeticients of the trafhe s
short-ranae dependent :SRD) 107 11 0 The first of these findings is so significant that it has
prompted one of the world's giant telecommunication companies. Nortel. to begin funding
the Nortel Chaotic Telecoms Project (see Attp: . gridlock. york.ac.uk nndq telecoms. html).
The coal of this project is to mvestigate prediction methods for network behavior so as to
achieve hetrer control. The second finding s also stenificant. Because of the SRD nature

of wavelet coetficients. thev lend themselves to modelling with legacy traffic models.

There are several approaches to solving the bandwidth allocation problem in the wavelet
domaun. Oune of these 15 1o calenlate the bandwidrh base on the notnon that the traffic’s
futare high frequency traffic components are sumilar to hgh frequency components of its

present and recent past. A second method is based on the idea of first generating syn-
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thetic traffic in the wavelet domain ahead of time and then estimating the corresponding
bandwidth from this synthetic traffic. The synthetic traffic. in this case. must of course
embody similar characteristics to that of the network traffic. that is. the actual network
traffic with a synthetic model. A third method involves predicting the next p values of the
actual network traffic ahead of time in the wavelet domain and then performing some sort
of transformation on these values to obtain the bandwidth. Each of these methods share
the following in common: (1) a need to have a training set of data—real or synthetic—-with
stinilar characteristics to the actual network traffic. (2) the need for some sort of bandwidth
model or transformation based on the traffic available in (1) to model the traffic bandwidth.
and (3} the need to separate (or decompose) the traffic into its low and high frequency
components by way of the discrete wavelet transform. The high frequency components of
the network traffic characterize the short range dependency in the traffic. while the low

frequency components characterize the traffic’s long range dependency.

1.2 Research Objectives

The objectives of this dissertation are as follows:

e To develup a class of bandwidth models based on the discrete wavelet transform to

model the traffic bandwidth at a network node output:

e To develop mathematically-proven approaches to estimate (or predict) wavelet coef-

ficients needed by each bandwidth formula:
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e To develop a generalized dvnamic bandwidth allocation scheme based on the band-

width models and prediction algorithms developed here:

e To analyze the above algorithms using a simulated ATM switch and determine quality

of service parameters to test the performance of each algorithn:

e To show that the above approach leads to improvement in two critical QoS parameters—

cell loss ratio and cell delay.

1.3 Mlethodology

In this section. we discuss in brief our overall strategy for the construction of the integrated
dvnamic bandwidth management model mentioned in the third objective of the previous
section. Assume the traffic to be the number of packet arrivals r, during the i-th time slot
of duration Ty € X~ of the measurement. Let I,, = (1.2.--- .n). for some n € N*. then the
traffic sequence may be written as £ = (r,),z7,. The goal of this integrated approach. illus-
trated in Figure 1.2. is given the A past values of the traffic rx_,_, . Te_r-pe2- - . Ti_p.
predict (or estimate) the future bandwidth requirement Bi_,_ . Bx_,.a.--- . Bg for the

next p traffic samples ry_,.1.Irk_,.2. - . I to arrive. It proceeds as follows. As the traf-

o DWT PWC IDWT Bandwidth Allocation —’134

L__

I

QoS Maintainer

Figure 1.2: Bandwidth Allocation Model

fic arrives. a copy of each r, is stored into a buffer. which uses a first-in-first-out (FIFQ)
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discipline (see Figure 1.1). Once A traffic samples have accumulated into this buffer. their
discrete wavelet transform is computed. and the wavelet coefficients obtained are used in a
prediction algorithm to predict wavelet coeflicients for future traffic 4 _, .. Tk pon.- - . 1.
These predicted coefficients are in turn used to calculate the bandwidth requirement. Note
that a certain amount of computational time will be associated with the prediction alge-
rithm. Let this time ¢ be measured in terms of the number of samples that arrive during
the computation. Thus. the value of the bandwidth that exists before the computation
begins i1s maintained until at least the arrival of sample r,_.: whereupon. it is updated to
the newly predicted bandwidth. Let k = A. When traffic sample r_, arrives and its value
stored. the bandwidth is again updated using the A most recently stored buffer values.
Tg-1.Tg2. - .Tk-¢. I0 the prediction algorithm to predict the bandwidth for the next p
traffic samples to arrive. The bandwidth continues to update in this way until the n'?
traffic sample arrives. For the sake of convenience. in the sequel. A. p and traffic length n

will be assumed to be powers of two.

An idealized pictorial example of the algorithm is given in Figure 1.3 (b) for A = 32 and
p = 8. In this example the initial buffer allocation occurs between 1 and 40 and the traffic
values ry.z,.--- .3 are used to predict the bandwidth for rj; through z4. In the next
update rg.--- .ry are used to predict the bandwidth for r49.--- .r35. Other updates

continue in a similar manner.
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Figure 1.3: Bandwidth Allocation Algorithm

1.4 Dissertation Qutline

This dissertation consists of seven chapters. Chapter One provides an introduction. states
the research objectives and describe our general method of approach to proposed problem.
Chapter Two introduces the necessarvy mathematical background. Self-similarity. long
range dependence and short range dependence are defined and examples are also given.
This Chapter also introduces the wavelet transform and multiresolution analysis.

Chapter Three covers the basic and related concepts of ATM Technologies. Quality of Ser-
vices. Traffic Characterization and resource management in Multimedia Communication.
The necessity of traffic prediction in determining bandwidth and resource allocation. the

impact of low-frequency components on long term behavior (bandwidth allocation) and
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the impact of high frequency components on the short term behavior (buffer allocation)
are also discussed here.

Chapter Four introduces bandwidth models.

Chapter Five proposes two bandwidth prediction algorithms. The first is based on the
Independent Wavelet Model. The second is a regression-based model.

Chapter Six proposes bandwidth allocation algorithms based on the bandwidth formulas
and prediction algorithms of the two previous chapters. Some of the traffic traces use
in our experiments. the experimental results for the bandwidth allocation algorithms and
their discussions are also provided here. Chapter Seven concludes dissertation and describe

future work.
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Chapter 2

Mathematical Preliminaries

2.1 Definitions

Definition 2.1 (integrable functions) The space of measurable integrable functions L'(R)

s given by
LYURy = {f ifd =/:f§ < x}. (2.1)

Definition 2.2 (square-integrable functions) The space of measurable square integrable

functions L*(Z) (the Hilbert Space) is given by

to
o

LUR) = {f ffll"=/?§fi" < x}. (

Definition 2.3 (inner product) Let f.g € L?(R). the L*(R) inner product of f with g

1s uritten

o= / fa (2.3)
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Definition 2.4 (The (* Spaces) Let 1 < p< - x. Then

m

(2.4)

Supps=ir(n)l < +x ifp=-x.

a

ﬂ,_{{f SN pemrn)P < -x} f1<p< rx.
- {r

Definition 2.5 (norm on ¢?) The (P norm s defined as follows
<o p) P <p<-x
vreff) rj= (Snsz irin ) Jlsps-x
sSupy = ir(nj) ifp=+x.

Note that if 1 <p < ¢ £ - then 7 C ¢9 and that the inclusion is proper if p < q.

Definition 2.6 (Holder's Inequality) Holder inequality for 1 < p < —x states

: |
(70 € FPy(wy € FP P71 ;Z r(rz)y(n){ < E io(n)y(n): < Hripiyip ipo1,-  (2.6)
fnez ! ncZ

Definition 2.7 (Finite Energy Signals ¢°) The special case p = 2 gives the important

space £ of finite energy signals with scalar product

(vreC)(vy e ) (ry) =Y r(niy(n) (2.7)
nél
and norm (2.8)
trily 2 irl = V(x.1) = \/Z ir(n):2 = \VE; (2.9)
/
ncZ

Definition 2.8 (Cauchy-Schwartz Inequality) The Cuuchy-Schwart: inequality is de-

fined as follows
(vr e fP)vye ) (z.yy <oyl (2.10)

Definition 2.9 (finite-dimensional distributions) The n'*-order distribution of a stochas-

tic process r s the jowmnt distr:bution:
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10

Its corresponding n'"-order density function is grren by

(2.12)

Definition 2.10 (covariance) The covarance of randorm variables r and y with mean

ny = Erand u, = Elyl. respectively. 15 given by

Cry = El{r — pr)ly — py)} = E'ry} - E[z]Ely:. (2.13)

Definition 2.11 (correlation coeflicient) The correlation coefficient of random var-

ables r and y 1s defined by

(2.14)

where Cryy s the covarance of RVs r and y. and o, and o, arc the standard deviation of

r and y. respectively.

Definition 2.12 (autocorrelation) The autocorrelation of a stochastic process r is the

covariance of the product r(t))r(t>) of the RVs x(ty) and r(t2) and is given by:

R(tl.f'_)):E[I(tl)I(tQ)}:/ IyTof(Ty-Tait) 1), (2.13)

-

Definition 2.13 (autocovariance) The autocorariance of a stochastic process r 1s the

covariance of the RV's r(t)) and z(ta):

Yt b = E(xit) — plt)(2(t2) — pit2))l = Rity ty) — p(tyu(tz). (2.16)
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11

Definition 2.14 (strict stationarity) .1 process r(t) is strict-sense stationary (or uade-

sense stationary or covarance stationary) if (r(ty). r(tz)..... I(t,)) and its k-shifted ver-
ston Iy = (rit; —k).r{ts ~ k). ... I(ty, = k)) possess the same joint distribution for all
ne Tt bty .. th. k€

Definition 2.15 (Second-Order Stationarity) A process r(t) is second-order station-
ary if its autocovarance function ~(r.s) = E(r(r) — u)(x(s) — u): satisfies translation

mrarance. ve., ~(r.os) =~(r~k.s~k) forall r.s k€ Z.

2.2 Wavelets. Multiresolution Analysis & the DWT

The wavelet transform. which was popularized by Grossman and Morlet [12]. has been
utilized extensively in the signal processing community {13]{14]. This is largely due to the
wark of Mallat "15]. who developed an elegant methodology to link subband decomposition
with multiresolution analysis and wavelets. and Daubechies [16]. who developed a class of
smooth wavelets. In recent years. a significant amount of research has been done on the
application of results of wavelets and multiresolution approximation theory to the telecom-
munication networking area and. in particular. in the area of traffic modelling and analysis
[2°[10;i11". The versatility of wavelets. in particular. its ability to simultaneously localize
in the spatial and frequency domains. makes it better suited for signal representation than

many of the classical methods.

A mathematical result. which is quite important in signal processing. states that any
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continuous function (signal) can be represented by more elementary functions. Formally.
given a signal r in a Hilbert space L?(X) [17] [18]. there exists a basis {ox}  L*(R) and
coefficients {cx € C} such that

r = Zrkok. (2.17)
ks

The coefficients {ci} are given by the scalar product
(vk €Z) ¢k = log.1) = / Ok (2.18)
R

where {o,} is the dual of {o}. When a signal is represented in this way. it is possible to
determine which of the coefficients contribute significantly to its representation. Thus. it is

sometimes possible to represent X with fewer and in many cases finitely many coefficients.
2.2.1 Classical Transforms

Several transforms are exist to represent a signal as described by (2.17). However. they all
have significant drawbacks and are unsuitable for some applications. The Karhunen-Loéve
(K-L) transform {19] is a specialized time series representation where the basis functions
{ok} yield a set of uncorrelated coefficients {cc}. Nevertheless. it has two major disadvan-
tages. It is signal dependent. Further. the K-L transform is computationally complex since

there is no fast algorithm available when {c;. ¢« } is arbitrary.

-

The Fourier transform (FT) 120} decomposes a signal into sinusoids at various frequencies.
That is. it transforms the signal from the spatial to the frequency domain. Unfortunately.

the spatial information is lost during such a transformation. If the signal is non-stationary,
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its transitory characteristics such as drifts. trends. abrupt changes. the beginning and end

of events. are not detected.

The Short-Time Fourier transform (STFT) is an extension of the FT. It enables localization
in the spatial domain by applyving the FT over windowed signal pieces. However. the

window size remain fixed irrespective of the frequencies being analyzed.

The Discrete Cosine Transform (DCT) is often used to approximate the K-L transform ;20].
It is used extensively in standards for speech. image and video compression. However. the
signal must be partitioned into blocks before the DCT can be applied. Consequently. the

correlation across boundaries are not removed and blocking effects result. As an alternative.

subband or wavelet schemes are emploved.

2.2.2 The Continuous Wavelet Transform

A wavelet is any function ¢ € L'(R) satisfving the following properties:

U=/u~(t) dt (2.19)

-

C‘.:/ )
: = v

dv < x. (2.20)

Equation (2.19} implies that the wavelet is a bandpass or oscillating function. Indeed. the
wavelet function is usually chosen as a small wave defined on a support. which is almost
limited in time and having most of its energv within a limited frequency band. i.c.. its
spread in time and frequency are relatively limited. However. both the time support and

frequency band cannot both be finite. and there is an interval on which they are effectively
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Limited.

The continuous wavelet transform consists of the collection of coefficients

{(W ria.b) = {r.vep) = / Ir(Hgpitidt - a € R™.h € F} {2.21)

where the dilation parameter a defines the scale of time (or. equivalently. the range of
frequencies) over which the signal is to be analyvzed. the shift parameter b defires the time
instant around which the signal r is to be analyvzed and {u,,} is the set of analyzing

functions given by

The reciprocal 1/a of the scaling parameter is called the resolution. An increase in the
scale {decrease in resolution) corresponds to a stretching of the wavelet function y*. while

a decrease in scale corresponds to a compression of ¢

The inverse continuous wavelet transform is given by

. da db
e o=t [ [ 2R vasvast) (2.23)

a2
2.2.3 The Discrete Wavelet Transform

A discrete wavelet transform can be obtained by critically sampling the time-scale plane.

e to keep among the {(W r)(a.b) ' a € 7 .b € R}. only a discrete set of coefficients

while still retaining the information in 7. In this case. the family of wavelets of interest
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then becomes. for 5. k€ 20
eoaltr =ag’ zu'((z{)! — kbg) {2.24)
Thus. o = a) and & = kbuay. A discrete wavdlet transform (DWT) can now be defined as
{({iTry = .1} = ao-}':/; wlay'r — kbo)rit)dt : (3.k) € 77 (2.25)

Indeed. it suffices to choose dvadic valnes ¢ = 27 and b = k2’ (i.e.. a9 = 2. by = 1)or the

scaling and translation parameters. respectively.

2.2.4 Multiresolution Analysis

The theory of multiresolution analysis makes it possible to derive a wavelet v such that
(vr€R) wkld) =270 w2V - k) kel (2.26)

is a basis of L*(X). Let V, be the subspace of L*(R) spanned by (&;k)kcz. le. 1) =
span{o, bz where 0, £ (1) = 277 29(277t — k) and o € 1 is the so-called scaling function.
A sequence of nested subspaces {1},-z constitute a multiresolution analysts for L?(R) if

the following conditions are met:

. ---cVviclycV_,cC--

143 = U221 and ez ¥ = (0}

(&

3. 2o £ 1, such that {©y.n} is an unconditicnal Riesz basis for V.

4 el rel, == r2)el;,
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What is the significance of these conditions” Property 1. shows that the spaces {1} are
nested. Property 2. LY(X) = Uj:_l) means that the '’s are approrimation subspaces
for L°(X). Property 3 expresses the fact that the set of shifted scaling functions {og «
k< Z} forms a Riesz basis for 5. meaning that they are linearly independent and span
the space 1. but they are not necessarily orthogonal nor do have to be of unit length.
Properties 3 & 4 together imply that the set {¢,x : k € Z} is an unconditional Riesz
basis for V). Thus. multiresolution analysis involves successively projecting the signal r
into each of the approximation subspaces 1:

A =(Pyzi(th =Y ary.k)oyx(t) (2.27)

k<2

where Py r denotes the orthogonal projection of r onto the space V. From Property 4.
V, 2 V,_y. thus 4, is a coarser approximation of r than is 4,_;. Moreover. Property 2
unplies that all information is removed from the signal. as ;] — x. MRA is. therefore. a
study of a signal r by examining coarser and coarser approximations of it as the details or

high frequencies of the data are extracted.

The information that is removed when going from one approximation to the next is called

the detail:
D,(t)y = A, 1(t) — 4,(t). (2.28)

from which it follows that 4, = 4, = :,anj-l Dy, jJ=1..... L. Results from MRA
theory guarantee that the detail signal can be obtained by projecting the signal r onto a

collection of subspaces. {W’, = 1,_; — 1]} called the wavelet subspaces. Moreover. there
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exists a function ¢ called the mother wavelet. which can be derived from o. such that its

templates {v, ¢ : k € Z} constitutes a basis for 17, :

Dty =Py r)(t) = Y dely k)wplt). (2.29)

kel

In theory. the projection procedure can be performed from ) - —x upto y - =x. In
practice. however. the range of ; is limited to j = 0.1..... L. Thus. it's onlv necessary to

consider

| A Y S R O {2.30)
This means that the analysis of £ is now restricted to that of its orthogonal projection A, (1)
onto the reference space V3. The fine scale approximation Ag(t) can now be written as a

summation of details at different resolutions together with a final resolution that belongs

to "1_.

Aott)

L
Auny =D, (2.31)
=1

L
Y ar(Lklopatt) =YY de(k)uklt) (2.32)

k J=1lkel

If the signal r belongs to the set Vj. then one can replace 4g by z in (2.31). In this
case. Equation 2.31 is refered to as the Inverse Discrete Wavelet Transform (IDWT).
Otherwise. unavoidable information loss will occur for the initial projection[21]. Subsequent
projections. however. will not incur any further loss. Varying L simply means deciding if

more or less information is written in the details as opposed to A, . the final approximation.

Since the 4,s are coarser and coarser approximation of r. ¢ needs to be a lowpass function.

The D,s constitute an information differential. therefore. v is 2 bandpass function—a small
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Thus. given a scaling function ¢ and a mother wavelet . the Discrete (or non-redundant)

Wavelet Transform would then consists of the collection of coefficients:
r— {{aL.ky:-keZ} {dety.k)y - 3=02..... L. ke Z}} (2.33)
These coeflicients are defined through inner products with two sets of functions:

ar(y. k) = (.04 {2.34}

de(y. k) = (16,4 (2.35)

where v, 4 (resp.. @, &) are shifted and dilated templates of v (resp. o). Given coefficients
arij.-) and d;(j.-) at resolution j. it is possible to obtain coefficients at the finer level
) — 1 through the use of a so-called dual mother wavelet L {resp. the dual scaling function
(.:;)A The definition of the dual is dependent on whether one chooses to use orthogonal.
semiorthogonal or biorthogonal DWT wavelets [16] as will be seen later. The role of the
wavelet and its dual can arbitrarily be switched: as is the role of the scaling function and its
dual. The d;(-.-) constitute a subsample {(W,.r)(a.b) : a € R™.b € K} located on the so-
called dyadic grid. d;{;. k) = (W.r)(2/.2/k). The logarithm of the scale log,(a = 27) = ;

is called the octave. In many cases. a scale will often be referred to by its corresponding

octave.
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a (0. -} jdx(:-)
aril.-) {B—_®_.

ar(2.-) ay(2.-)

Figure 2.1: Decompaosition (left half) and Reconstruction (right half) Algorithms

2.2.5 The Fast Pyramidal Algorithm

This subsection introduces the fast pyramidal algorithm of S. Mallat [15] for the compu-

tation of the discrete wavelet transform.

Due to the nested structure of multiresolution analysis. it is possible to obtain the approx-
imation (resp. detail) coefficients a,(j ~ 1.-) (resp. d;(y = 1.-) from a convolution of the
approximation coefficients one octave lower a,().-) with a filter ¢ (resp. h) to be derived

from o (resp. v) {15; as follows:

ar() ~ l.k) = ((ar(j-')'[) L2} (k) = Zeﬂ-mazu-m) (2.36)
dr(y + 1.k) = (a;(j. ) x h) L2V (K)= ) hok—mdz (3. m). (2.37)

This algorithm is quite efficient and is of order n. the length of r. which is significantly

less than the order n® for the DFT.

The synthesis. where the fine approximation at level ; is obtained from the coarse approx-
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unation and detail coefficients at level ) - 1. is obtained via the converse operation:

arly k) = (m,u 1.2 J) (k) + ((d,(J +1.° 2)'5) (k) (2.38)
=Y fomokazm) = Y hamoirds().m). (2:39)

Thus. we see that the determination of the filter coefficients ¢ and h and their duals ¢ and A
1s of central importance in computing wavelet coefficients. The next two subsections show
how to compute these coefficients in the case of orthogonal and biorthogonal wavelets.

respectively.
2.2.6 Orthogonal Wavelet Bases

This section discusses how to obtain the filter coefficients for the fast pvramidal algorithm
in the case of orthonormal wavelet bases. Let ¢ £ 13 such that (oo (t) = ot — k) e
constitute an orthonormal basis for 15 and let a.(;. k) = {r.o,x). From the multiresolution
analysis conditions. (0,x(t))zz = (277 20271t — k})rz= then constitute an orthonormal

basis for 17, with projection onto 1) given by

4,(t) = (P\'].T) (t) = Zar(j~k)®]k(f)- (2.40)

keZ

Since 0 € Vo C V_| = Span{e_1x : k € Z}. then the function o necessarily satisfies an

equation of type
oft) = Y heo(2t - k). (2.41)
keZ
where ¢p = (0. 0_ k. By the orthogonality of (¢gi)kzz. we have

Z Anhy —ok = 20k0. (2.42)
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The associated orthonormal wavelet basis is given by

Wit =Z(-H"h_k-m(2f-k). (2.43)
P

» constitute an orthonormal basis

where (hy) is given by (2.41). Tt follows that (¢)e), ) 4=
for L*(X). Moreover. for every fixed ;. (d;().k) = (r. v,k )kcz express the difference
between the approximations of r with resolutions 2/ and 27!,
P\;,:I:P\,I+Zd,(].k)r1k. (2.44)
ksl

The approximation and wavelet coefficients are obtained by taking the inner product of r

with (2.41) and (2.43). respectively. to get

Y
.-

ar() k) =3 b sy = L) = (Feas(y - 1] ) (k) (2.45)
n

d:{).k) = Zhn_gka:(_] —l.nj =(£h ca;(y) —- l.o)}'Q) (k) (2.46)
n

where hy = (=1)™f_,,.;. Equations (2.43) and shows how to obtain a coarser approxi-
mation from a finer one. as well as the difference in information between the two sucressive
approximations. respectively. Recovering the finer approximation from the coarser one to-
gether with the difference in information is obtained by using Equations (2.41)(2.43) and

(2.44) to get

a:(] -l.m)= Ziar(‘%k‘(o]k-o_)—lm) + dx(]-k)(w]k-@_x—!m)] (2.47)
k=l
= Z{im_gkazf_;.k) + hm-2dz{j. k)] (2.48)
k
= (£ ap!yien )~ (heidp().-)p]) (m). (2.49)
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Thus. the coefficients for the reconstruction filters. (hm)me= = (h-m)m-= and () =
{# - m)m==. are just the mirror images of the decomposition filters. If © and v have compact

support. filters o and f have finitely many taps.

It can be shown (see 16]) that exact reconstruction. r = r'. by the fast pyramidal algorithm
10! A p 4

as represented in Figure 2.1 is possible only if

Zifm-.’kfn-’_’k + hm—Zkhn-Zk; = dmn (2:)0)
[y
Since h, = {=1)"€_, .. this reduces to
Z = {efkoam = Omo- (2.531)

k

2.2.7 Biorthogonal Wavelet Bases

Biorthogonal wavelets bases have two dual bases. (Vmn)mn,zz and (ﬁ'mn)(m_n,e;_. each
obtain from a single function. v or l: Unlike orthogonal wavelets. which obtain recon-
struction filters coefficients by simply taking the mirror images (h_n)ncz and (€_p)nez
of the decomposition filters (A, )nc= and (€, )nez. biorthogonal wavelets offers tremendous

flexibility in the design of synthesis filters. Moreover. they allow for svmmetric filters.

which is impossible in the orthogonal case. except for the Haar wavelet.

The multiresolution analysis for biorthogonal wavelet bases differs from the orthogonal

case in that it has two hierarchies of approximation spaces.

el FEal ¥ el BTGl (2.52)
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with spaces W', and li'J satisfying W, L ‘:'] and ii'] - V5. but 1] not orthogonal to W',. As
a result. (h, ) and (¢,). representing the coeflicients for the decomposition filters in Figure
2.1. and (h:,,) and (; (n)) the coeflicients for the reconstruction filters. are related to each
other quite differently. Let a data sequence a(0.-) be given. Then. its decomposition is

obtained by

a;(l.n) = Zf_»,,_kar(ﬂ.k) (2.53)
k&

dr(lon) =Y han_goraz(0.5). (2.54)
k

and its reconstruction by

(B
]|
U

(0.0 =Y an_jaz(1.n) = han_r1dr(1n). (2.5

The exact reconstruction requirement. a%(0.-) = a;(0.-). (see Figure 2.1). imposes the

condition:

Zi’-’zn-ﬁzn-k ~hom_teithon_k-1] = . (2.56)

n

which in the = domain is equivalent to

S (2) = h(z)h(2)] =1 (2.57)

|~

5

H{—2)f(z) = h(-2)R(z)] =0, (2.58)

tO) —

- hyz" and hiz) = Y h_nz" =¥, haz". which reduces to the following

ne-

where h(z) = S
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conditions on the filter coefficients:

Nl = big (2.39)

rn

ho = (=1)"" L. h=(=1""Y_p,. (2.60)

The scaling function and wavelet are given by

o) =V2Y -t,002t —n) {2.61)
Cit) =28 haoio(2t = 0. (2.62)

respectively. Their duals are given by

oft)  =V2Y o602t ~n) (2.63)
et = V2 s haao(2 - n) (2.64)
respectively.

"

The functions v x(t) = 277 “4:(27/t — k). 7.k € Z. constitute a basis in L?(R). Their dual

)

frame is given by the v, ,(t) = 27/ 220t — k). 7.k € Z and for any r € L*(R) we have

T= Z <r-v',-.k>c',.k= Z (LU} ¥k (2.63)

(ka2 Zl 1.k, X?

Moreover. the v x. v, constitute two dual Riesz bases. with

<L'j.k-1;'(,m> = fs].la;k.m (2.66)
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if and only if
/ottlé(f — k) = O . (2.67)

Additional details on biorthogonal wavelets may be obtain in {16;;22].

2.3 Self-Similarity, LRD & SRD

2.3.1 Self-Similarity

There are several different- -not necessarily equivalent —definitions of self-similarity. The
standard one states that a confinuous-time process y = {y(1) i t > 0} is self-similar (H-ss)

if it satisfies the equation:
yith 2aHyat). ¥+>0. Vae N H € (0.1) (2.68)

where £ denotes equivalence in the sense of finite dimensional distribution. This definition
of self-similarity. however. has a significant drawback. Unless y(t) is degenerate. i.e.. y(t) =
0 for every t > 0. y(?) cannot be stationary (stationarity demands that y(¢) 4 y(at)[23)).
In many cases. however. the incremental process r(t} = y(t) — y{t — 1). is assumed to be
stationary. In this case. the process y is then said to be H-sssi. The canonical example of
this is fractional Brounian Motion. with Hurst parameter H = 1/2. where its incremental

process is fractional Gaussian noise.

Another definition of self-similarity. which is more appropriate in the context of time-series

analysis. assumes y = (¥ ),on to be a discrete-time process with stationary increments
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I = (r .. wherer, =y, —y,-;. Let
km
n l
k= — N g, (2.69)

T
t=:k-11rm=~1

That is. r ™ 1s obtained by partitioning r into non-overlapping blocks of size m and then
averaging each block. & is the biock index. If r is the incremental process of the self-similar

1231) that for each m

3

process y define by (2.68). it follows (see
r&gi-Hem (2.70)

Definition 2.16 (Self-Similarity and Second-order Self-Similarity) The stationary
process r = (Ir,),zn- 15 said to be exactly self-similar if it satisfies equation (2.70) for
all aggregation levels m and asymptotically self-similar if it satisfies (2.70) as m — .
A covarmance-stationary sequence r 1s said to be exactly second-order self-similar :f
the process m'~H ™ has the same rarmance and autocorrelation as r and asymptot-
ically second-order self-similar if the process m'~Hr'™) has the same varance and

autocorrelation as r. for all m. or as m — x.

The autocorrelation of an exactly second-order self-similar process is given by

)

(T"
2

o

((k + 1)*H — ok o (k — 1)2H) (2.

[3%]
-1
—

",r(k) =

(see 241).
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2.3.2 Definition of Long- and Short- Range Dependence

Intuitively. a long-range dependent prucess (LRD) (also known as persistence phenomenon
25! or the Hurst effect 26’ ; can be considered as a phenomenon in which a current observa-
tion (sample) is significanily correlated to observations far away from it in time. This phe-
nomenon is of particular interest to traffic modeling. since it has been discovered recently

that both Ethernet traffic {7} and video sources [8]{27] possess long-range dependence.

A more formal definition of long-range dependence is as follows:

Definition 2.17 (long-range dependence) Let r(t) be a covariance-stationary process
with mean u and varance o and autocorrelation r(k). k € N. r(t) is said to ezhibit

long-range dependence 1f

riky ~ ki "PL(k). ask — x (2.72)
where 0 < D < 1 and Ly(-) 1s a slowly varying function . that is. limy_ « Li(tw)/Li(t) = 1.
for all w > 0. (Examples of slowly varying function include constants and logarithms ).
Under weak regularity conditions on Lj(-). [28] {291(8] show that z(t) is a long-range de-
pendent process if its spectral density is given by

FOA) = A7La(A). (2.73)

where ) < a < 1 and L,(A) is a slowly varying function. The spectral density function of

1 is formerly defined as f(A) = ¥, r(k)e’**. Thus. a covariance-stationary. long-range de-
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pendent. stochastic process is also a 1/ f process. i.e.. it is stationary and satisfies Equation

(2.73) for some a € (0. 1}.

From the definition of long-range dependence. it can be inferred that a long-range de-
pendent process is characterized by a hyvperbolically decaying autocorrelation function.

Moreover. the summation of the autocorrelation is infinity. i.e..

x
Y k) =x. (2.74)

k=0

Thus. although individual correlations at large lags may be small. their summation will
have a drastic effect on the overall sum. Therefore. large-lag correlation should not be

ignored in the traffic modelling problem.

A short range dependent (SRD) process is defined as follows:

Definition 2.18 (short-range dependence) Let z(t) be a corariance-stationary stochas-
tic process with mean yu. variance o° and autocorrelation function r(k). The process r(t) is

said to erhibit short-range dependence if

N
-]
(31
-

rik) ~ ipl S Ly(k). k — x.
where =1 < p <1 and L\(-) is a slowly varying function.
Thus. a short-range dependent process is characterize by an exponentiallv-decaying auto-
correlation. i.e.. r(k) ~ p¥. 0 < p < 1. resulting in a summable autocorrelation function

V. rtk) < x. From the spectral perspective. short-range dependent processes are charac-

terized by a spectral density f()} which is finite for A = 0. On the other. (2.72) or (2.73)
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implies that Y, r(k) = x. i.e.. a long-range dependent processes has a spectral density

that increases without bound as the frequency A approaches zero.

2.4 Examples of Long- and Short- Range Dependent Gaus-
sian Processes

This section gives some concrete examples of short- and long- range dependent Gaussian
processes. A large class of the traditional Markov models are characterized by exponentially
decreasing autocorrelation functions and are therefore short-range dependent. One such
example is the Auto-regressive Moring Average (ARMA) model [30i. An ARMA process

(Ii) k7, is defined by
b (B)ri = O(B)e. (2.76)

where. for each integer k. ¢, is an independent Gaussian random variabie with zero mean
and unit variance. B represents the backward shift operation. i.e.. Bry = ry_;. ®(B) and
©(B) are polynomials of degree p and q. respectively. When g = 0. the ARMA process
degenerates to an auto-regressive (AR) process. The autocorrelation function of an ARMA

process decays exponentially at large lags.

Long-range dependent Gaussian processes include the {asymptotically) second-order self-
similar processes. Fractional Auto-regressive Integrated Moving Average (FARIMA) pro-
cesses [25]/30]. and the (exactly) second-order self-similar processes. Fractional Gaussian
Noise (FGN) processes {311. which is the incremental process of the self-similar process.

Fractional Brownian Motion (FBM).
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FARIMA(p.d.q) 25" is a fractional differentiation of the .-\mu-re{.;ressive Moving Average
(ARMA(p.q)) process. where p and g represent the orders of the ARINA(p.q) process. and
) < d < 0.5 is the differentiation degree. It is the generalization of ARIMA(p.d.q) {30]

models for integer d. A FARIMA process r is defined by
&(B)A%, = O(Bje. (2.77)

where B represents the backward-shift operation. i.e.. Bry = ri_;. ©(B) and ®(B) are
polynomial functions of orders p and q. respectivelyv. & = 1 - B is the differential operator.

44 is a fractional differencing operator.

x<

’—\-dIk=Z< (li )(—1)'1'1:—; (2.

1=0

(8]
=~}
¢ 2]

where the fractional binomial coefficient is

Ay o Lled=n) .-
( J >('1) T [(-d)T(1 + 1) (2.79)

and I'(-) represents the Gamma function. It has been shown {25] that for a FARIMA(p.d.q)
process. the Hurst parameter H equals 0.5 + d. For positive p or ¢. FARIMA(p.d.q) is a
mixture of both long- and short-range dependence. Because FARIMA(p.d.q) hasp+¢+3

parameters. it is much more flexible than FGN in terms of simultaneously modeling SRD

and LRD.

The interesting range for d is —1/2 < d < 1/2. It has been shown in [32] that a FARIM A(p.d. q)

process has a spectral density and autocorrelation satisfving f(A) ~ A™24. as A - 0
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and r(k) ~ k%41 as k — ~x. Thus. for d = 0. we obtain the short range dependent
proses ARNMA(p.q). long range dependence or persistence occurs for d € (0.1/2). and

anti-persistence for d € (—1/2.0).

2.5 Estimating LRD Parameters

This section summarizes several of the methods used to estimate the parameters of long
range dependence (LRD) in the time. frequency and wavelet domains. The time- and
frequency- domain estimators have concentrated mainly on the estimation of the parameter
a or equivalently the Hurst parameter H = (1 + a). However. the recent findings of Abry
and Veitch {33] claims that there is not one. but two parameters. (a.c,) or equivalently
{a.cy). which characterize long range dependence. Although a is the most important since
it defines the existence of LRD itself. and governs the characteristic scaling behavior of a
LRD process as well as statistics derived from it. the second parameter plays a significant

role in fixing the absolute size of LRD generated effects.

2.5.1 Time Domain Estimators

The classical estimator for H is the rariogram or R/S estimator [34]. This estimator yields
poor statistical performance in the form of high bias and suboptimal variance. The Allan

variance ‘35; is a better estimator than the variogram. It measures the expectation of
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squared difference of averages of the data r within a window of length T as follows:

K t. te=T
VT = (/ I(uldu —-/ .r(u)du) (2.80)
kzz:l Jt.-T te

where A” is the number of segments of size T in the data. which also behaves as a power

law of T when LRD is present and allows an unbiased estimation of H.

The best estimator for H. as well as for other parameters. is the Gaussian Maximum
Likelihood Estimator i34]. However. its exact algorithm is computational expensive. Thus.
alternative algorithms have been developed: among these. the Whittle Estimator [34];33]
offers the best performance vielding an asvmptotically unbiased and efficient estimator.

just as in the exact case.

Time- and frequency- based estimators of H suffer a variety of drawbacks :33]. which are
unacceptable for many real-time applications in networking. They are mainly parametric
in nature and. thus. require a parameterized family of model processes to be chosen a priori.
Many —due to their high computational complexities and memory requirements—cannot
be implemented exactly for large datasets. Moreover. they are not naturally matched to

the essentially simple scale behavior of LRD processes.

2.5.2 Frequency-based Estimators

Since the spectrum of an LRD process r behaves like a power law (1//v{?) for v close to

zero. it 1s natural to think of spectral estimators for the parameters of LRD. One standard
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frequency-domain estimator 1s the following:
P
Falrr) = Z,/m — kL)w (1) exp(i2mut)dti’ (2.81)
k=1

where 7 denotes the number of data pieces. each of length L. w; a weighting window.
Applyving s (v) to 1,{v1? signals. results in an estimator for H. based on linear fit in log{v)

“vs. log(sa(22)) plot. which has the undesirable effect of being strongly bias.

2.5.3 Wavelet-based Estimators

The unbiased semi-parametric wavelet-based estimator of Abry & Veitch. first proposed
in (33’ to be later improved in [36i. seems to provide a solid alternative. It studies the
scale-dependent properties of data directly via the coefficients of a joint scale-time wavelet
decomposition. Thus. very little needs to be assumed about the underlving process. It
can easily be implemented using techniques from non-redundant multiresolution analysis.
It is robust against an important class of non-stationarity —namely. the addition of non-
deterministic trends. This is an important advantage in the LRD context where it is
difficult in theory and in practice to distinguish between real trends and long-term sample

path variations due to LRD (see [33] and references within).

2.5.3.1 The Abry-Veitch Estimator

The Abry-Veitch Estimator starts with the basic definition of an LRD process--namely.

the autocorrelation function of a wide-sense stationary LRD process takes the form ~,(k) ~
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ek 2 H > 0.5, corresponding to divergence of the autocorrelation sum. Nk =

x. or equivalently. the spectral density satisfies:

floy~cpwit=2H 1 — 0. (2.82)

Recall that an LRD process belongs to the class of 1/i1/|® processes for v close to 0 where
a = 2H - 1. Define the foliowing statistical estimator for »:

: 1 >
) = — z idp g k) 2.
St i} " 7. k) {2.83)

J ks
where [d;(;.k)I° measures the amount of energy in the analyzed signal about the time
instant 27k and frequency 27714, with 14 an arbitrary reference frequency selected based
on choice of v'. The integer. n,. is the available number of wavelet coefficients at octave
J and is usually given by n, = 27/n where n is the length of the data. f(r) may be

interpreted as a measure of the amount of energy that lies within a given bandwidth

around the frequency v.

If r is wide-sense stationary we also have the following estimator for s:
Eif27y) = /f(u)‘.”q\ll(?u)lzdu. (2.84)

This estimator. however. suffers from the so-called convolutive bias: The spectrum to be
estimated is mixed within a frequency range corresponding to the frequency width of the
analvzing window at scale 3. However. recalling the asvinptotic behavior of the spectrum

of an LRD process and assuming. momentarily. that this behavior holds for all frequencies.
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(2.84j can be rewritten as

E~(27 1) =('f:‘2"_"1""”"/lh P ) de {2.83)

=s<2—fv(,;--’"°"/ vt T w)itde. (2.86)

For % processes. (2.85) shows that the convolutive bias is converted to a multiplicative
one and that this multiplicative constant is independent of j. Therefore. an unbiased

estimator H of H can be designed by a linear regression of log,(5,(27/11) on 3 as follows:

l 3 Ty
log. :(27 1) = logs (;I—Z ‘dr(_].k)i') =(2H - 1)y ~¢ (2.87)

T k=2
where ¢ estimates log'_,((‘/f:w‘_zﬂ?u'(u)fl div) provided that
/'V‘I""H!u?(u)i2 dv (2.88)

converges. Performing a weighted least-square fit between octaves j; and j» vields the

following formula for the estimator H of the Hurst parameter H:

2 . J2
zj:h CJJYIJ - E‘]:J! C)”J

)
12 12 02 J2 -
1=n CJ Z]=Ji CJJ ( 1=n CJ )

Hij.p) =

+1 (2.89)

O ==

where 1, = log, (% dkez ;dz(j.k):z) is theoretical asymptotic variance and the weight

2. .
C, = %2+ is the inverse of n,.

N

For H to be an unbiased estimator of H. a few conditions must be met. First. Equation
(2.82) must be true for each j. This. however. can be relaxed since the range of scales
{7:.... 2} is chosen by the user. Second. the number of vanishing moments N must

satisfv N > H - 1.
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2.5.3.2 The Abry-Veitch Joint Estimator

The main difference between the Abry-Veitch Joint Estimator and the original Abry-Veitch
(AV) estimator is that the former provides a means of computing the important. vet long
neglected. second parameter of LRD c. or. equivalently. ¢;.. Thus. instead of the single
Hurst parameter H. there are now two LRD parameters to be considered-namely (n.c.)
or equivalently (a.s). Like the original AV. the joint estimator is also based on linear
regression and thus uses a similar approach as used there to estimate @ and ¢;. Thus. ounly
the main results are summarized here (see i36!). Recall that the wavelet coefficients are

given by {d;(j. k) = (x.v (J.k) € Z?} and consider the following definitions:

u} = l/ln] Zk;:(d:(_].k’)g (2-90)

7? = rartloga(p)) = ((12.n,/2)/In° 2 = 2/(n, In° 2) (2.91)

where { is a generalized Riemann Zeta function. Also. consider the following definitions:

S=% 1/07. Se=Y 1,/0% Sez=Y 1l/0l. (2.92)
(5./ - SI)/‘U;.) Lo (S:.r - Sz‘j)//a;—)

o= 2 = v(n,/2)/In2 — log,(n,/2).

BT — N 55:, - S2 9 = win,f2)/ln °82(7/2)
(2.93)
v =logaluy) — g, b= wyy,. i=Y 1y, (2.94)

Then. the estimators are given by:
a=b (2.95)
— - ) fr /) Yqe

;C =p-2°. where p =[] L, /2 exp(w(n, /2y, ] (2.96)

(v, +~n,/2)
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[ U dra < 0.
C=X{ v %Pu)*dro<a< L. (2.97)
[~ Hw)ifdva > 0

& =cC/C. (2.98)

2.6 Wavelet Transform of Self-similar and LRD Processes

The wavelet transform of an LRD (or self-similar) process is a short-range dependent

process (SRD): or is at least a good approximation of it [10]{11:{33]'34]. Since there are
already a variety of efficient SRD models in existence {37](38]{39]{40}1[41]. it might be more
advantageous to analvze and model LRD processes in the wavelet domain. This section

summarizes some of the important results of the wavelet transform of LRD and self-similar

processes.

2.6.1 Some Key Results from Wavelet Transform

In {11} it has been shown that the following two results from MRA and wavelets are very

stignificant for not only self-similar and LRD processes but for scaling processes in general:

e W1: The wavelet basis is constructed from the dilation (change of scale) of the
wavelet function. that is. the wavelet analyzing functions themselves ¢, ; exhibit a

scale invariance feature.
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e W2: The wavelet function ¢ has N > 1 ramishing moments:

/!k!.‘=(). k=0.1.--- . N -1 {2.9%

The choice of N is dependent on the choice of ¢. The Fourier transform ¥ satisfies the

condition \Witv) = v, 1 — 0 [16].

2.6.2 Wavelet Transform (WT) of H-ss and H-sssi Processes

Let r be a self-similar process (alsc called an H-ss process). then. for each octave j the
wavelet coefficients d; (. -} of T exactly reproduces the self-similarity through the following

central scaling property (see {11} and references therein):

e PO SS: In the case of the DWT. d,(j. k) = (r. v, 4}. so that

"

(dr(7.0).de (). 1. de(omy = 1)) 2 20H=1 244 (0.0).d,(0.1).....d-(0.n, = 1))

(2.100)
For the CWT. (W f)(a.b) = (r.v,,). hence
(Wor)ea.cby). - . (Wox)ica.ch,)) 2 H-1 ""((W'L.r)(a.bl) ..... (Woz)(a.bn)) Ve >0.
(2.101)
and if r is second-order stationary. then from {2.100). we have
Eld;().k)" = 22(2H = 1) E{(d;(0.k})* (2.102)

(a consequence of W1).
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If in addition r is H-ssst (see Section 2.3.1). then properties W1 and W2 combine to

produce the following salient properties:
e P1 SS: The Wavelet coefficients with a fixed scale index {d;().k) k ¢ Z} form a
stationary process (a consequence of W2). Thus. Equation (2.102) now becomes
E'(d 3.k = 220U H v)a? k. (2.103)
with C(H.w) = [ 7% ([ wp(u)v(u — tidu)dt and 6 Ex(1)°.

o P2 SS: From the specific correlation structure of the H-sssi process:

-+

. c - ) . ) . By .
Eiz(tirs)] = =0t 20 g - 2 (2.104)

PR
it can be shown that for N > H ~ i the correlation between wavelet coefficients

located at different positions is very small and that their decay can be controlled by

increasing .V [427143][44][45":

Eld;(m.k)de(n.l)] = |2k = 2™PH-2Y 0 omp — on) — +xc (2.105)

2.6.3 WT of LRD Processes

Let r be a second-order stationary process. Its wavelet coefficients {d;(;.k)} satisfv the

following properties:

e PO LRD:
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E'd. ).k} = /s,w»zJ V() 2dr (2.106)

where S (1) and W(2/1) stands for the power spectrum and the Fourier transform of
I. respectively. This has interpretation of classical inference formula of linear filter
theorv: Eld,(j.k)*) is a measure of S;(-) at frequency v, = 27715 (19 depends on v')
through the constant relative bandwidth wavelet filter (see (11! and references there

mnj.

If the process r satisfv the additional properties W1 and W2. we have the following two

additional properties:

e P1 LRD: Using S;(1/) ~ ¢ ™. v — 0 (2.106). we obtain
Eld;(j. k)l ~ 2%.Cla.y). j = +x. (2.107)

where Cla.v) = [ v (1) dv. a € (0.1). The case a = 0 corresponds to trivial
scaling at large scales. leaving only short-range dependence at small scales. This

result is due to W1.

e P2 LRD: The covariance function of any two wavelet coefficients is controlled by N
and therefore can decay much faster than the correlation of the LRD process z itself

and. in fact. is no longer LRD for .V > a/2. Since a € (0.1). this is always satisfied.

E'd;(m k)d;(n. )l = 2™k = 27271728 0 12Mgp — 27 o, (2.108)
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Note that the exponents in P1 8§ and P2 SS are different from those of P1 LRD

and P2 LRD.

2.7 Empirical Studies on the Correlation Structure of Wavelet
Coefficients for LRD and SRD

Although the theorectical results in the previous section provide important results on the
correlation structure of LRD processes. those results are useful only for k2™ — (I - 27
large. where m and n are scale indices and k and ! are the shift indices. However. this
begs the question as to how does one obtain useful information when k2™ — (I - 1)2" is
not large. The empirical approach of Ma [10] has provided useful results that gives deeper

insight as to determine the following important questions:

I. how do wavelets distinguish SRD from LRD?”

2. what correlations need to be captured by wavelet coefficients?
The next two subsection gives a brief summary of the answer to these questions.
2.7.1 Variance of Wavelet Coefficients

It has been shown empirically [10; that one tool that can be utilized to determine how
wavelets distinguish LRD from SRD is a variance-scale diagram. The variance-scale dia-

gram is a plot of the scale ; versus the logarithm of the variance of wavelet coefficients at
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scale . log,(rar(d,(y.mi). . For example. take the following three well known processes:
the short-range dependent process AR(1) with parameter p = 0.9. the long-range depen-
dent process FARIMA(0.0.4.0) and. finally. the mixed short- and long- range dependent

process FARIMA(1.0.4.0). Their plots are shown in Figure 2.2. As can be seen. the LRD

O
)

[ . v ¢ DY -
4~ - . ° -
Lo
?
‘2: 4 [ 8 10 12 L) 16 N ]
Figure 2.2: log of variance d,().m) versus time scale j. ~..7: FARIMA(0.0.4.0): "o™:

AR(0.9): "+ FARIMA(1.04.0)

process FARIMA(0.0.4.0) increases exponentially. The SRD process AR(1). p = 0.9. in-
creases exponentially for small j but saturates for large j. The variance-scale plot of the
mixed SRD-LRD process FARIMA(1.0.4.0} displays the joint characteristics of both the

AR(1) and FARIMA(0.0.4.0) processes.
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2.7.2 Correlation Structure of Wavelet Coefficients
This section is concerned with what correlations need to be captured by wavelet coefficients.
To facilitate this discussion. the notion of wavelets on trees and the single index wavelet

coefficient. as deveiop by Basseville et. al. 46). are first introduced. Figure 2.3 shows the

f =)
3

=3

—_ KonY \

2 J // N
e e oo
= ; r ) Ny A

E/ S I‘E’; '3/}& /o (s)\ s / .
| | s ONOIOED
=1 I I ! . N NI N
b

~

Figure 2.3: Tree representation of the Haar wavelet basis

Haar wavelet basis at level L = 3 (left) and its corresponding tree diagram (right). The
number in the circle represents the one-dimensional index of the corresponding wavelet
basis function. In the case of orthogonal wavelets. the single index coefficient s is related
to the double index (j.mm) by the equation s = 2K -7 4 n. where K represents the limited
resolution (or the maximum decomposition level). The functions 4 and v of Figure 2.3
evaluated at node s are defined to be the index of the parent node of s and the index of

the left side neighbor of «. respectively.
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Now returning to question of the correlation structure of wavelet coefficients. Figure
2.4 (a)-ic) are plots of correlation matrices for the wavelet transform of the SRD pro-
cess AR(1). p = 0.9. the LRD process FARIMA(0.0.4.0) and mixed LRD-SRD process
FARIMA(1.0.4.0; with AR parameter p = (.9. respectively. A point {1.J) in the cor-

relation matrix represents the normalized correlation between the i-th and j-th wavelet

Edd,

a0

coeflicients. i.e.. . where 1 and j represents the one-dimensional indices (nodes) in
the tree diagram. The grayscale is proportional to the magnitude of the correlation matrix.
The higher the magnitude of the correlation. the whiter the pixel in the image. Figure 2.4
shows that beside the main diagonal. there are four pairs of lines having “visible™ corre-
lation. They correspond to the correlation between v¥(s) and s. where ~v(=) denotes the

parent of node s and ~* (s} denotes the parent of node v*~!(s) with k being 1. 2. 3 and 4

counting from the main diagonal.

From these figures. it seems reasonable to conclude. as has been done in [10]. that the
most significant correlation is due to the parent-child correlation. Since the complicated
correlations in the time domain concentrates on these types of correlation. it is possible 1o

use a parsimonious model in the wavelet domain to faithfully represent the original traffic.

2.8 Markov Models for Wavelet-Domain Correlation Mod-
eling

As has been seen in the last section. correlation among wavelet coefficients for LRD and

SRD is concentrated in certain types of correlation. This section provides a means of
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(a) AR(1). p=0.9

(b) FARIMA(0.0.4,0)

fc) FARIMA(1.0.4.6)

Figure 2.4: Correlation Structures
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modelling wavelet coefficients by exploiting the characteristics of the correlation structure
of wavelet coefficients. The basic idea is that a parsimonious model can be built using only
the strongest correlations. while ignoring the insignificant ones. The wavelet coeflicient d

may be modelled via the following generalized linear equation [10%

N-1
d,= Y a(i)d, + b, (2.109)
t=lazs
where {a.(t). 11 =1, 2..... N — 1} and b, are parameters to be estimated. which are

dependent on the one-dimensional index s (see Figure 2.3). The (wy) are i.i.d random

variables.

In order to model a wavelet coefficient in a causal fashion. Equation (2.109) is written

s—1
d, = Zamd. + by, (2.110)

t=1

The estimation of parameters in a linear model can be obtained through estimation theory

for Gaussian processes as follows.

Let the random variable 2 be a linear combination of & Gaussian random variables. denoted

by the column vector y. plus a Gaussian noise term. That is.
s=yla+ buw. (2.111)

where the column vector a and scalar b are parameters to be determined and w is inde-
pendent Gaussian noise with unit variance. Note that Equation (2.111) simply rewrites
the sum in Equation (2.110) in vector form. The parameter vector a can he estimated by

multiplying both sides of Equation (2.111) by the vector y and taking expectations of both

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



side of the resulting equation:
Ezy = Elyy'la. (2.112)

where E'zy’ represents the cross-correlation between = and y. Elyy! represents the co-

variance matrix of y. If Elyy”} is invertible. a can be determined by:
a=(Elyy”)) ' Elzyl. (2.113)

Similarly. multiplyving Equation (2.111) by = and taking expectations of both sides of the

resulting equation vields

’

b=\ Eizt - ElzyT{(ElyyT)"'Elzy (2.114)

Therefore the parameters a and b are determined by the covariance matrix Elyy7]. the
cross correlation E{zy| and the variance of : through Equations (2.113) and (2.114). The
remainder of this subsection summarizes five models based on Equation (2.110}. These

models represent a culmination of the works of {47} and {10}

Among these models. there lies an inherent trade-off between complexity and performance.
On the one hand. the more complex models lead to better performance. On the other hand.
there is a desire for a parsimonious model. i.e.. a model that uses as few parameters as
possible to model the most significant correlations. In order to study empirically the trade-
off between performance and complexity. in the following. five models are presented ranging

from the simplest to the most complicated based on the observation in the previous section.

Model 1: The Independent Wavelet Model is the simplest of the models. It models only

the mean and variance of wavelet coefficients. i.e.. d;{J.m)’s are chosen as independent
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random variables with zero mean and variance o5 to be estimated at each octave ;. Thus.
this model completely neglects dependence among wavelet coefficients and its correlation
in the wavelet domain is given by:

s 02 m; =myand j; = ).
Eidy ] = 4

0  otherwise.

{2.115)

A wavelet coefficient d, in this case is estimated by d; = b,uw, where {w,) are iid random
variable with zero mean. The parameter. b,. is the standard deviation of d, and can be

estimated from the square root of the sample variance of wavelet coefficients of a training

sequence at the corresponding octave. ie.. b, = \/;‘- z;’:l d:(j.m)>. where n, is the
7
number of wavelet coefficients at octave j. It has being suggested [10] that this simple

model—with appropriate adjustments—suffices for many practical applications.

Model 2: This is a first-order Markov model. which models the parent-child relationship.
Results in the last section seem to suggest that this is the most significant correlation. A
model which includes the parent-child relationship can be implemented through a first-

order Markov model as

d,, = ayda, , + byu;. (2.116)

J

where a; and b, are parameters to be determined from data. w, is Gaussian noise with zero
mean and unit variance. (s, ) represents the parent of s,. where s, is the one-dimensional
index of a wavelet coefficient (node) in the j-th time scale (See Figure 2.3 for an illustration

of the one-dimensional index of wavelet coefficients).

Thus. the objective of this model is to model the parent-child correlation in addition to
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what is modelled in Model 1. For the sake of convenience. we drop the explicit dependence

on ) in Equation 2.116 and rewrite it as:
d, =a.d.,, ~bu.. {2.117)

where. again. a. |, and b, are parameters to be determined. It can be shown that the
parent-child correlation is invariant for wavelet coefficients in the same scale. Therefore.
the parent-child correlation E|d,d-(s)] as well as the targeted variance o4, and 64, can be
estimated through those of a training sequence. Furthermore. through Equations (2.113)

and (2.114). a..,. and b, are found to be

Edd.. ;)
a.,, = ———u. (2.118}
(Td:
and
I 2 > 2
b, = v Tq. ~ 5. 0q - (2.119)
respectively.

Model 3: Model 3 is a third-order Markov model. which models the correlations among
s. ~(s) and v(s). It has been proposed as an improvement to Model 1 in [47] based on the
intuition that neighboring wavelets contribute more significantly to the correlation than

other wavelets. However. this has shown not to be the case in {10;.
The parameters of Model 3 can be calculated in a similar manner to that of Model 2.

Model 4: Model 1 is an alternative third-order Markov model. which models the cor-

relation among ~{si. v*(s) and s. This model incorporates correlations between node s

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



30

and its grandparent node ~°(s) in addition to the parent-child relationship in Model 2.
and is equivalent to a third-order Markov model. In the correlation matrix. this model is

equivalent to matching the first two strongest line.

Parameter estimation for Model {4 is slightly different from the previous three models
because the invariant property does not hold for all wavelet coefficients in the same scale.
The approach used here groups together wavelet coefficients at the same scale and with the
same statistics. Model 4 has four such groups. whose shift indices are {14 + k(,}‘,iho- o
for ky = 0.1.2.3 at each j. The correlation to be modelled can be estimated for each group.

and Equations (2.113) and (2.114) can be used for each group in the same way as that for

the previous three models.

Model 5: Model 5 is a fourth-order Markov model. which models the correlation among
~(=). 3%(s). %) and s. In the graph of the correlation matrix. this is equivalent to
matching the first two strongest lines as well as the (barely visible) line near the diagonal.

which represents the neighboring relationship.

Parameter estimation for Model 5 is similar to that of Model 4. with the exception that
the number of groups increase to 8. The important question now is: how well do Models 1
through 5 capture the correlation structure in the wavelet domain? We plot the correlation
matrices of Models 1 and 2 in Figures 2.5 (a) and (b). As expected. Model 1 leaves out all
the correlations. Model 2 captures the parent-child relationship. However. its grandparent-

child relationship as compared with the original process is significantly diminished. Plots
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(a) Model 1

(b) Model 2

Figure 2.5: Wavelet Correlation Matrices for Model 1 and Model 2
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[9]]
o

of the remaining models may be found in {10]. In terms of complexity of these models.
Model 1 requires only one parameter—the variance 012 at each level j. Models 2. 3. 4. and

5 have two. four. four and five parameters at each scale. respectively.
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Chapter 3

Network Preliminaries

3.1 Asynchronous Transfer Mode

Asvnchronous transfer mode (ATM) is a technology capable of integrating different types
of network into a single consolidated. broadband (high-bandwidth) network. The need for
such a technology has arisen because of the conflicting goals of many of the new applica-
tions. such as the Internet. the World Wide Web (WWW). video conferencing. video-on-
demand. etc.. for high bandwidth. without sacrificing the quality of a set of pre-defined
parameters. The level of quality an application desires is called the application’s quality of
service (QoS). The key to resolving the conflicting golds of high bandwidth with stringent
QoS requirement is traffic management (TM). For this reason. ATM. because of its sophis-
ticated traffic management capabilities. has been chosen by the ITU-T as the technology

of choice to launch Broadband Integrated Service Digital Network.
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3.2 ATM QoS Requirements

QoS requirements are usually specified in terms of information loss. information delay and
information variability. The basic QoS parameters for an ATM connection are cell loss
ratio. cell transfer delay and cell delay variation (jitter). Other QoS parameters comprise
of cell misinsertion rate. cell error ratio. cell transfer capacity {throughput). and skew
{difference in representation time of two related objects). The major ATM cell performance
parameters are cell error ratio (CER. cell loss ratio  CLR ;. cell misinsertion rate (CMR ).
severely errored cell block ratio (SECBR). cell transfer delay (CTD). mean cell transfer
delay. cell delay varation (CDV'). Concise definitions are given in Table 3.1. and a more

exhaustive treatment can be found in [48]

Parameter

Acronym Meaning

. Peak cell rate

. PCR

. Maximum rate at which cells wil} be send

! Sustained cell rate i SCR . The long-term average cell rate I

. Mimmum cell rate MCR I The minimusn acceptable cell rate

. Cell delay vanance tolerance CDVT " The maximum acceptible cell jitter '

. Cell loss ratio ; CLR " Fractuion of cells lost or delivered too late |

. Cell transfer delay P CTD . How long delivery takes (mean and maximum) |

[ Cell delay vanation CDV ! The variance tn cell delivery times

+ Cell error rate CER | Fraction of cells delivered without error

. Severelv-errored cell block ratio | SECBR T Fraction of blocks garbled

i Cell misinsertion rate CMR | Fraction of cells delivered to wrong destination
Table 3.1: Some QoS parameters

3.3 Traffic Characterization and Resource Management

ATM technology is hased on the statistical multiplexing of variable rate sources. Due

to the burstiness of traffic sources iutelligent control mechanisms are required to avoid
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degradation in QoS in an ATM network. A significant amount of studies ranging from
source characterization to congestion control. solely for the purpose of improving QoS and
increasing the network utilization. have already been done. This section summarizes some

of these recent studies.

3.3.1 Types of Services

An ATM communication network is comprised of a variety of services such as remote
local area networks (LANs). high-resolution still image transfer. high quality interactive
videotext. videophone. video conference. distributive TV. voice and others. All of these
services have different characteristics [49] in terms of traffic burstiness. bit rate. and call

duration as illustrated in Table 3.2.

Table 3.2: Broadband Services and Their Characteristics

Services Els(t)] B
Voice 32 Kb/s 2
Interactive Data 1-100 Kb/« 10
Bulk Data 1-101 Mb/s 1-10
Standard Quality \'ideo 15-15 Mbjs 2-3
High Definttion TV (HDTV) 15- 150 Mb/s  1-2
High Qualitv \ideo Telephony 0.2 - 2 Mb/s 5

s(t) is the natural information rate
Els(t)] is the average information rate of s(t)
B = (mar s(t))/E[s(t)] is the burstiness

Further. each of these imposes different service requirements as shown in Table 3.3. The
ATM services are categorized as constant bit rate (CBR). varable bit rate (VBR) and

avaiable hit rate (ABR). CBR is used for circuit emmulation where a constant bandwidth
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Table 3.3: Service Attributes for an ATM Network

Services BER PLR PIR Delay
Telephonv 107 1077 1007 25 ms / 500 ms
Data Transmission 1077 107% 107" 1000 ms (50 ms)
Broadcast video 10°° 10" 107" 1000 ms

Hifi Sound 10°° 1077 1077 1000 ms
Remote Process Control 107" 107 107 1000 ms

is desired. ABR is subscribed for bulk rate transmission. LAN or TCP/IP traffic. VBR is
the most challenging service tvpe with respect to resource management. primarily because
heterogeneous traffic sources are multiplexed together and traffic volume fluctuates with

time.

Although defined and supported in varving degrees in the network. ABR has enjoyed only
modest usage. This is due. in part. by a lack of endpoint support and considerable concern

about interaction of ABR with TCP control mechanisms.

Ou the other hand. Multimedia VBR traffic. such as JPEG and MPEG encoded data
:501[511{52]. has drawn considerable interest in telecommunication traffic research and ap-
plications. Its potentially vast amount of real time services such as image and video

applications. is the driving force for its popularity.

The image compression scheme supported by the Joint Photography Experts Group (JPEG)
1¢ used primarily for encoding and transmission of still images. The compression techniques
employed by JPEG is based on block transforms such as the Discrete Cosine Transform

({DCT).
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The Moving Pictures Expert Group (MPEG) is a working group of the standardization
organization ISO/IEC in charge of the development of international standards for com-
pression. decompression. processing and coded representation of moving pictures. audio

and their combination. Thus far. MIPEG has created:

e MPEG-1. the standard for storage and retrieval of moving pictures and audio on

storage media {approved Nov. 1992)
e MPEG-2. the standard for digital television (approved Nov. 1994)

e MPEG-4 version 1. the standard for multimedia applications (approved Oct. 1998)

and is now developing:

e MPEG-4 version 2 (1o be approved Dec. 1999)

e MPEG-7. the content representation standard for multimedia information search.

filtering. management and processing (to be approved July 2001).

The most up-to-date information on MPEG is to be found at http://www .cselt.it /mpeg/.

3.3.2 Model-Based Traffic Source Characteristics

Most of the model-based studies rely on statistical characteristics with the imposition

of special assumptions and using suitable approximation methods such as fluid models.
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phase tvpe processes. Markov Modulated Poisson Process (MMPP). Intercepted Poisson
Process (IPP). Fractal Brownian Motion (FBM). among others. Nomura et. al. [33] used
three measures: distribution. autocorerrelation and coefficient of variation. to evaluate
burstiness. An autoregressive {AR) process or coefficient of variation method can be use
to model and characterize video sources. The Autoregressive Moving Average Process
(ARMA) was used by Grunenfelder et. al. {54]. A parametric model of encoding algorithimns
was introduced by Rodriguez. which generalized video traffic characteristics regardless of

the actual encoding scheme emploved 551

3.3.3 Non-Model Based Traffic Source Characteristics

Non-model based traffic characterization studies bypass the modeling procedure. Instead.
it uses methods such as entropy and energy functions. traffic components decomposition.

to mention a few. in order to carrv out its analysis.

3.3.4 Bandwidth Analysis and Approximation

One of the major advantages of ATM is its capability to support a wide variety of connec-
tions with different bandwidth requirements and :raffic characteristics. While this envi-
ronment provides an increase flexibility in supporting various services. its dynamic nature
poses difficult traffic control problems when trying to achieve efficient use of network re-
sources. especially for bandwidth management and allocation of real-time traffic. Providing

deterministic guarantees require that the network allocate resources. according to the worst
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case scenario. This in turn requires a peak-rate resource allocation scheme. which would
result in significant under-utilization of the network for VVBR traffic where the peak average

ratios is high.

Stochastic fluid models and the theory of large deviations have been used to define effective
bandwidth or equivalent capacity of each source. The effective bandwidth is dependent
on source characteristics. QoS requirements of the source. and buffer size {56!. An ap-
proximation expressiou for the “equivalent capacity™ of both individual and multiplexed
connections was proposed by Guerin (37]. Resource management using effective bandwidth
has been demonstrated by De Veciana. which is based on the general classification of the

ATM connections as deterministic. statistical and best-effort.

However. a study by Choudhury [1]. revealed that the eflective bandwidth approximation
can over-estimate the target small blocking probabilities by several orders of magnitude
when there are many sources that are more bursty than Poisson. The effective bandwidth
based connection admission control algorithm. which depends solely on the tail asymptotic
decay rates. may not be as effective as thought. Choudhury further demonstrated that the
effective bandwidth approximation is not always conservative. For sources less bursty than
Poisson. the asymptotic constant grows exponentiaily in the number of sources. Thus. the
effective bandwidth approximation can greatly under-estimate the target blocking proba-

bilities. Hence. the need arises for new approximation mechanisms.

Call Admission Control. which determines whether the network has sufficient resources to
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support a new connection without degrading the service of existing connections. has also
drawn significant attention. Gibbens {58 presented a decision-theoretic approach which
employs Bavesian decision theory with time-scale decomposition. Elwalid [39] and others
developed QoS assurances. especially the protection of one QoS connection from another.
on the basis of leaky bucket adherence by all connections. either at the source and or
through network leaking bucket policing with strict drop policy. Thev demonstrated an
approach for determining the admissibility of variable bit rate traffic in terms of allocating

buffers and bandwidth to heterogeneous regulated traffic at an ATM node.

3.3.5 Traffic and Congestion Control in ATM Networks

In order to ensure an acceptable quality of service for all coexisting calls sharing the same
network resources within the entire duration of their connection. two functions have been

defined: Connection Admission Control (CAC) and Usage Parameter Control (UPC).

CAC represents the set of actions taken at call set-up phase to accept or reject an ATM
connection. A connection request for a given call is accepted only when sufficient resources
are available to carry the new connection through the whole network at its requested QoS

while maintaining the QoS of already accepted connection in the network.

Usage Parameter Control or “policing”™ represents the set of actions taken by the network
to monitor and control traffic on an ATM connection in terms of cell traffic volume and cell

routing validity. Its main purpose is to enforce the compliance of every ATM connection to
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its negotiated traffic contract. Some of the existing policing functions include Cell Tagging.
Leaky Bucket (LB). Jumping Windouw (JW). Triggered Jumping Windo (TJW,. Moring

Windouw (MW and Erponential Wewghting Moving Average (EWMAJi60).

Leaky Bucket. the most popular among the policing functions. has been analvzed as a
G:D/1 N queue with finite waiting room N and an appropriate arrival process in work by

Butto :61:.
3.4 The Effective Dynamic Bandwidth Formula

The Effective Dynamic Bandwidth (EDB) Formula. 2]. is a wavelet based bandwidth
formula. which has shown very promising results. This section gives a brief discussion of
this formula— highlighting its significance. as well as its limitations.

The EDB formula is given by:

™m
B:ao-.—imr-'-.-lmZa,jD,.r{. (3.1)
1=1

where

e r is the incoming traffic
e 1,5 is the j* coarse approximation signal of signai r
e D,r is the j* detailed approximation for some signal X

e 1, are coefficients to be determined.
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The term A, r. which represents the low frequency component of the traffic. reflects the
major bandwidth requirement: while the term A, -7 | a,/D,r.. which consists basically
of an averaging of the high frequency components {D,r.D,r.--- . Dyr} represents the
traffic fluctuation and has been included to reduce the delay that would have been present
were the bandwidth to be based solely on the first term ag - A;mr. The set of real-valued
cocflicients {agp.ay.--- .a,} allow greater adaptation to stringent QoS requirements. If
traffic signal r is sampled at T, seconds. then B is updated every 2™7, seconds: so that m

also determines the update interval. A special case of (3.1) is

k
B=Bim=Acr~AcY Dol (3.2)
where the following assignments have been made: ag = 1. @, =0fort=1.2.--- .+» and
a, =1fort =m.m~-1.--- . k. The parameter m is related to the bandwidth utilization

rate. Figure 3.1 ts an illustration of Bg .

First and second order statistical analysis (density function and autocorrelation) of r sam-
pled at T, = .5 seconds and the EDB given in (3.1) with & = 4. which corresponds to
a bandwidth update interval of 8 seconds. have been computed in [2] for VBR/MPEG
and ABR/LAN traffic sources: and comparisons have shown to be quite favorable. One
of the important results show that the autocorrelation of the bandwidth representation
is similar to the original data. which is a requirement if the formula is to serve as an
efficient bandwidth allocator. A similar analysis for VBR/MPEG multiplexed sources at
a simulated ATM switch were also shown to be favorable. Finally. the tail distribution

function (TDF) has been obtained in simulations for a single VBR/MPEG source. mul-
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tiplexed VBR/MPEG sources and ABR/LAN sources to study the queueing effect at ar

ATM switch and the results proved to be satisfactory.

Although the EDB formula has shown to be well correlated with the data. it does have
some significant drawbacks. From 3.1. it can be seen that significant loss do occur: such
loss may not be acceptable for certain applications. Also. no method has been proposed
for the determination of coefficients (,),e1,. Given these drawbacks. we propose a new

dyvnamic bandwidth formula in the next section. which will overcome these limitations.

3.5 A Simple ATM Simulator

In 2. the EDB formula 3.1 has been utilized in an ATM simulator similar to the simplified
version of Figure 3.2 to measure the queuing effect of the switch. The Tail Distribution

Function (TDF). which is defined . has been obtained for a variety of traffic traces. In this

r B

> > —>

Figure 3.2: ATM Simulator
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scenario. when an ABR or VBR traffic stream arrives at the ATM simulator. the signal
r is generated as a traffic cell number count in a unit time interval. and the EDB B is
calculated using 3.1 and compared with r. If r(t) < B(t). all of the traffic cells are passed
to the downstream switching node. If r(t) > Bit). since the traffic cells are bounded by
B(t). only Bit) traffic cells are passed to the dowustream switching node. and r(t) — B{t)
traffic cells remain in the local switch buffer when the switch buffer is unbounded. In
subsequent operations. the residual traffic cells are transmitted whenever r(t; < B(t). and
only a maximuin of B(t) — r(t) is released from the local switch buffer at time ¢t. The Tail
distribution function is then obtained as the probability density function of the traffic cell

occupancy in the local switch buffer.

In practical scenarios. bounded buffers are assumed. And. since the EDB cannot be pre-
generated. it predicted. The prediction scheme used in {2] is an adaptive neural network
approach. In Chapter 6. we developed a different formula to represent the bandwidth and

prediction schemes for the prediction of this bandwidth.

3.6 Voice Over IP

This section provides a brief summary of Voice Over IP (VoIP). VoIP is the transport of
voice traffic using the Internet Protocol (IP). IP is a packet-based protocol. which divides
traffic into small packets that are then sent individually to their destination. IP also hap-
pens to be the most popular of the network protocols in use today. However IP by itself

cannot guarantee anv QoS nor can it even guarantee that packets will arrive in the order

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



66

in which they were sent. Therefore. other protocols such as Transmission Control Protocol
(TCP) and User Datagram Protocol (UDP) have been developed to work in conjunction
with IP to deal with these issues. For real time traffic. however. TCP introduces unac-
ceptable delav. UDP on the other hand. when combined with other protocols. such as the
Real-Time Transport Protocol (RTP). have vielded much better results for VoIP.

In recent vears. VoIP has been generating tremendous excitement in the telecommunica-
tions industry. This excitement is driven primarily by the potentially huge profit gains
implicit in providing high quality voice over the Internet. Voice have been transmitted
successfully for vears over the Public-Switched Telephone Network (PSTN). However. the
circuit switch technology used by the PSTN is ill-suited for non-voice applications. such as
e-mail. WWW_ file-transfer. etc.. for which IP is so well-suited for. The Internet. which is
a vast interconnection of computer networks that communicate using IP. has seen tremen-
dous growth in terms of the number of businesses and the number of users utilizing it.
However. thus far. although the Internet has been very successful in delivering non-real
time services. it has been unsuccessful in delivering high quality real-time applications to
its customers. Indeed. for the most part. it has only been successful in delivering un-paid.
low quality. real-time voice and video to its users. This is one of the main reasons that
revenues generated by the e-commerce industry are minuscule (millions of dollars) in com-
parison to those generated by the telephone companies (billions of dollars). For managed
networks. however. VoIP has shown great success in transporting high-quality voice. The
hope is that the next generation of the Internet might be able to duplicate such high-quality

voice levels. and thus enabling the opportunity to offer high-quality. integrated voice-data
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services to its users. Thus. one of the greatest challenges facing VolP is improving QoS.
And. one of the key elements in improving QoS is bandwidth management. To ensure that
sufficient bandwidth is available to enable high-quality voice necessitates proper control
and prioritization of access to the available bandwidth. At present. however. no regula-
tions exist on the Internet to control or prioritize bandwidth. Thus. one person transferring
a huge file might cause other user transactions to proceed more slowly and may thereby
degrade QoS for these users.

The International Engineering Task Force (IETF) has provided several methods that are
designed to enhance or improve QoS. Although these methods by themselves cannot guar-
antee high-quality voice over the Internet. they have shown to be successful for managed
netwerks. What is needed on the Internet is for the various Internet Service Providers
(ISPs) to implement service level agreements so that certain standards are maintained in
terms of QoS for the various ISPs on the Internet. The QoS methods of the IETF may
be divided into three basic categories resource reservation. prioritization and by simply
increasing the available bandwidth. Resource Reservation Protocol {RSVP) is an example
of a resource reservation method and is described in RFC 2205. It operates by ensuring
resources are available before the transfer of any media from the source to the destination.
The process initiates when the sender sends out a PATH message to its targeted destination
via a number of routers. The PATH message contains information about the kind of data
the sender intends to send. in terms of bandwidth requirement and packet size. When the
receiver receives the PATH message. it sends a Reservation Request (RESV) back to the

sender along the same route. At each router. resources are allocated based on availability
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and upon the receiver’s authority to make the request. Finally. when the RESV message
reaches the sender with a confirmation. the data (or media) is actually transmitted.

Differentiated Service (DiffServ) is a relatively simple means of prioritizing traffic and is
discussed in detail in RFC 2475. This method exploits a field value in the header of an IP
version 4 or 6 packet. Depending on the value of this field. a particular traffic stream is
marked as requiring a certain type of forwarding. DiffServ defines two types of forwarding:
Expedited Forwarding (EF) and Assured Forwarding (AF). EF is specified in RFC 2598.
It is a type of service in which packets from a given traffic siream is assigned a minimum
departure rate that js greater than the arrival rate at the same node. provided that the
arrival rate does not exceed a pre-agreed maximum. The process ensures that queuing
delays a removed. Since queuing delays are major causes of end-to-end delay and jitter.
the process by extension ensures that delay and jitter are minimized. AF is defined in
RFC 2597. It is a type of service in whirch packets from a given traffic source are forwarded
with a high probability. provided that the traffic from that source does not exceed some
pre-assigned maximum. AF defines four classes. Each class is allocated a certain amount
of resources—bandwidth and buffer space. Within each class. a given traffic can have one
of three drop rates. In times of congestion within the resources allocated to a particular
AF class at a given router. the packets with the highest drop-rate values are discarded
first so that packets with lower drop-rate values will receive some protection. In order for
the DiffServ method to work well. the incoming traffic must not contain a high percentage
of packets with low drop-rate values. Otherwise. this will defeat the main purpose of the

method. which is to ensure that high-priority packets do indeed get through.
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Label switching is vet another prioritization method that has garnered quite a bat of in-
terest in the Internet comumunity lately: so much so. that a significant amount of effort
has been applied in defining the protocol called Multi-Protocol Label Switching (MPLS).
AMPLS is similar to DiffServ in the seuse that it marks traffic at the entrance to the net-
work. However. the primary function of the marking is not to allocate priority within a
router. but to determine the next router in the path from source to destination. MPLS
involves the attachment of a short label to a packet in front of the [P header. which en-
ables faster routing decisions to be made at each router. The label identifiecs a Forward
Equivalence Class (FEC). which means that all packets with a given FEC will be treated
the same way as far as forwarding is concerned. The packets for a voice stream for example
would all belong to the saine FEC and would. thus. receive the same forwarding treatment.
Therefore. we can ensure that the forwarding treatment applied to a given stream can be
set up in such a wav so that all packets fromn points A to B. for example. follow exactly
the same path. If the stream requires a specific bandwidth. then that bandwidth can be
allocated at the start of the session. This feature can ensure that a given stream receives
the bandwidth it requires. and that the packets of this stream arrive to their destination

in the order in which theyv were transmitted.
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Chapter 4

Dynamic Bandwidth
Representation for Network Traffic

4.1 Introduction

This chapter deals with the first of our vbjectives as outlined in Chapter 1. namely. the con-
struction of DWT based bandwidth signals for the eflective representation of network traffic
bandwidth at a network node output. In particular. two new classes of bandwidth signals
are presented. The first class. called the Local Maximum Bandwidth Models (LMBM) and
denoted L. consists of piecewise constant signals. where each of these piecewise constant
signal is constructed from more elementary constant signals with fixed support of length p.
The value of a particular elementary constant signal is obtained by taking the maximum of
the p most recent values of the traffic plus some scalar multiple a of the traffic’s long-term
mean g,. In this class. each signal is uniquely determined by a. p and (ug)izx . where K

is defined in the following section. The second class of signals. called the Detail Maximum
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Bandwidth Models (DLMBM!) and denoted D. is similar in construction to £. However.
here. the value of each elementary constant signal is obtained by taking some constant
multiple of the maximum of the p most recent values of the detail signal obtained through

the DWT of the traffic. plus the traffic’s long-term mean up to some point.

4.2 The Class of Local Maximum Bandwidth Signals

This section presents the class of Local Maximum Bandwidth Models (LMBM). which we
denote £. Like the EDB in the last chapter. the goal of an LMBMI signal is to provide a
means of representing the traffic bandwidth on the output link of a network node. Let the
iraffic be denoted by r = (r;.r,.--- .z,). Define the sets Fy = {k—p+1.k-p-2.--- k}
and K" = pI¥* " A,.. and the long term mean of r by y; = Zle I, /(k=l-1). ke K. le .
Let 7 = (r,),zF, and by = maxi. The objective is to determine the bandwidth for the p
traffic samples 7 for each k € K. Ideally. if  were available. the best bandwidth would have
been r itself for each k € R'. However. in a real-life situation this might not be the case.
Thus. a means of approximating the bandwidth becomes necessary. One approximation
we use is to represent the traffic bandwidth as a function of the maximnum of # for each

k € pH. More specifically. define the operator B, , : Z° — Z# by
(Vk € [\-) Bp'n_k.f' = (bk “nﬂk) . 1‘,. (41)

for some p € K and @ € X Then a signal B € L is given by B = (B, 48 )ken. for
some p € 2% and @ € = Since the sequence. B3,, ¢ . is constant on each Fy. then B

is pierewise constant on .\,. Note also that the parameter p is the bandwidth update
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parameter. ie.. it is the number of traffic samples for which cach B, 4.« F is held constant.

Thus. as p increases. so to does the time-duration for v‘ch By is held. that is. the

traffic bandwidth is updated less often. This is illustrate in Figure 4.1 for various values of

p with a = 0. In a real-life situation. the value of p is dependent on the traffic arrival rate.
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Figure 4.1: LMBM

processor speed. desired QoS and utilization. Since communication speed has in the large
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exceeded processor speed 162]. p should be chosen sufficiently large to compensate for this

difference. especially during times of high traffic volume.

The role of o is to control the average value of the bandwidth signal. As a increases. the

average value of B, ; also increases and vice versa. Figure 4.2 is an illustration for the case
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when g is held constant at eight and « allowed to vary. Here we see that as a increases.
both cell loss and utilization decrease. Although this is desirable for the cell loss. it is not
for the utilization. This implies that there will be a need for a tradeoff between QoS and

utilization.

Note that for the mean u; to be truly long-term. then & must be sufficiently large and !
appropriately chosen. For this reason. we start with & = 1025 and [ = 1. Future values of

k are chosen such that & — [ < 1 = 1024.

Although 4.1 is not explicitly connected to the DWT. it will in the real-life situation. There.
it will become necessary to predict . However. the approach we will use is to predict the

wavelet coefficients of . and from these get a prediction of . There lies the connection!

4.3 Results

Results for the LMBM and EDB are illustrated in Figures 1.3 and 1.4. respectively. Figure
4.5 shows the resulting cell loss for each formula with p = 32. It is clear that for the EDB.
the cell loss increases rapidly as the traffic load increases. While for the LMBM. the cell

loss is zero for each load.
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4.4 The Class of Detail Local Maximum Bandwidth Models

We now introduce a second class of bandwidth models—the class of Detail Local Maxi-
mum Bandwidth Models (DLMBM)— needed in the first step of the design of our overall
bandwidth allocation scheme. Assume the traffic to be the number of packet arrivals r,
during the i-th time slot of duration Ty € R of the measurement. Let I, = (1.2.--- .n).
for some n € IT". then the traffic sequence may be written as r = (r,),er,. Let & =
(Thk-ret.Th_r~2. - .Tg). for some A < k. A € N°. The class. D. to be constructed shall
be based on the detail signal. Dy#(t) = Y, d:(1.0)yy(t). where d;(1.-) are the detail
wavelet coefficients of 7 at level 1. Recall that the signal D i consists of the high fre-

quency components of the traffic. i.e.. the SRD in the traffic. Future values of such a
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signal are therefore likely to be similar to present and recent past values. The DLMBM

will exploit this concept.

Let K = p¥ = {p.2p.3p.--- .n} for some p € W'. For every k € K. each band-
width model B = (B,),-;. in D shall consists of piecewise constant sequences B{.’ =
(Bk_p-1-Bi_pe2.--- .Bi). where foreachi. je {k-p+1l.k-p~+2...- k}. B, = B,

for some p € M". Thus. we also have B = (B{)t:x. The handurdth update parameter p
is simply the number of time slots for which B,’c’ persists. t.e.. pTp is the time-duration for
which 6% is maintained. Thus. to obtain (Bi),zy. - it is necessary and sufficient to obtain

(Bik)ken- The Bi's may be realized through the functional B, ; : E* = X given by
(Vk (S [\') Bw_k-i. = Mg =~ ~max Dl.'f' (42)

for some ~ € % Indeed. B, is defined formally as By = B. ,r. The space D is then given

bv
D= {B=(Bk)k.:;\'=(5~,.k.f')k-§[\' ' 7€Rp€f§'}. (4.3)

Figures 4.6 and 4.7 illustrate the behavior of B with p and ~. respectively. when yx = 0. In
Figure 3. v is held constant so as to study the behavior of p on the bandwidth B. Note that
as p increases. the bandwidth update interval. T = pTj. increases— the bandwidth updates
less frequently. Conversely. decreasing the value of p causes more frequent bandwidth
updates to occur. The role of ~ is to control the average value of the bandwidth signal.
B. As ~ increases. the average value of B also increases and vice versa. Figure 4.2 is an
illustration for the case when p is held constant at 32. while v varies. Here we see that as

~ increases. both cell loss and utilization decrease. Although this is desirable for the cell
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loss. it is not for the atilization. This implies that there will be a need for tradeoff between

QoS and utilization.
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Figure 4.7: Effect of parameter 4 on B

The DLMBM will be our bandwidth model of choice in our simulations.
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4.5 Bandwidth Modelling for Voice Over IP

Section 3.6 discussed several QoS methods for VoIP. These methods are the Resource-
Reservation Protocol {RSVP). the Differentiated Service (DiffServ) protocol and Muli-
Protocol Label Switching (MPLS). In this section. we provide a high-level discussion of
how the bandwidth By may be determine using cach of the methods. We start with the
DiffServ method and in particular the Expedited Forwarding (EF) service. Recall that
with EF. packets from a given traffic stream is assigned a minimum departure rate that
is greater than the arrival rate at the same node. provided that the arrival rate does not
exceed a pre-agreed upon maximum. Thus. each bandwidth value By may be obtained
by choosing o such that By > r; for each k. provided that r, < W for some pre-agreed
maximum value. ™ if that bandwidth is available. Otherwise. non-real time traffic may be
buffered until this can be accomplished. For AF. the procedure would be similar. Recall
that with AF packets from a given traffic source are forwarded with a high probability.
provided that the traffic from that source does not exceed some pre-assigned maximurm.
Thus. By may be chosen so that r; is forwardec with probability one if there are no other
traffic at the node. Otherwise. let By be chosen such that z; is forwarded with the highest
possible probabilitv among the various traffic sources.

For the Resource-Reservation Protocol (RSVP). since the PATH message provides infor-
mation such as bandwidth and packet length. we may obtain bandwidth values B in
advance from the PATH message itself. which would then override the need to calculate

these values.
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For the MPLS method we may choose a based on the FEC type. i.e.. the kind of traffic
being transmitted. Voice traffic. for example. should be allocated sufficient bandwidth so

that the need for buffering should be virtually non-existent.

4.6 Summary

This chapter introduces two classes of DWT based bandwidth signals for the representation
of traffic bandwidth at a network node. The first is the class of Local Maximum Bandwidth
Stgnals. D. In this class. each signal is obtained by B = (B, , ¢ I)kcn. where the operator
By nk is given by B, o xf = (maxf +auy) -1, p € pN'. The parameter p is the bandwidth
update interval and a is a parameter which controls the mean of the bandwidth signal.
The second class of signals 1s the class of Detail Local Maximum Bandwidth Signals. It
1s defined by B = (T, o kT lkzn where the operator T, is given by T,~ x> = (g -

~max.zf, D12) - 1,. The role of parameter ~ is similar to that of a.
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Chapter 5

Bandwidth Prediction Algorithms

5.1 Introduction

The previous chapter presented the first of our two-part solution: namely. signals for the
modelling of the traffic bandwidth. The current chapter takes up the issue of how to
predict the wavelet coefficients needed by each bandwidth signal in the case of a practical
situation. In particular. two prediction algorithms are presented. The first is a wavelet-
based regression model and the second an Independent Wavelet Model [10] based prediction
algorithm. Recall that in the practical situation. we wish to assign a bandwidth to the
traffic (r,),.¢, before it arrives at the network node. However. the bandwidth signals
proposed in the last chapter are based on (r,),zF, themselves. Since the (r,),cF, are not
immediately available. we propose to estimate them through prediction. Let the prediction
of (r,),zF, be denoted r,-f,. Thus. what we are atteripting to do is to predict p € W’

values of the traffic given A € I¥" of its past values. with A > p. Suppose we are given the
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traffic ¥ = try. 1o, .rioay-a-1). Since the bandwidth must be predicted in advance.
then it must be assumed that the bandwidth for (rg_sp-1. Fe_2p-2. - . Ik ,) has already

B3

been predicted (see Figure 77). and that the goal now is to predict the bandwidth for

(rhzp, = (Fkope1.Tk-p-2. - .T;) before ri_, is received. Let the long term mean be

given by pe_ap_a-1 = S0 """z, Then. from the form of the bandwidth signals of the

last chapter. we only need to predict the maximum of (z,),.¢,. That is. we only need to

predict by.

Recalling also the long-range dependent nature of netwourk traffic and the short-range
dependent nature of its wavelet coefficients. we propose to predict b by first predicting
the wavelet coefficients for the traffic (r,),c r, . performing an inverse wavelet transform on
these predicted coefficients. to get predicted traffic (4 ), F, . and then taking the maximum
of the r;’s. In other words we wish to find a predictor P : Z* — R such that Pi = b.

where by is as close to by as possible in the €° sense without unduly sacrificing QoS.

5.2 The p-Step Linear Predictor

This section introduces the p-step Wavelet Domain Linear Predictor (pSWD-LP) to predict
wavelet coefficients needed by the LMBM. This algorithm is basically an application of the
autoregressive {AR) model on each level of a p-level discrete wavelet decomposition. Recall

that a linear predictor of urder p aims to predict the next value of process of length n in
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terms of its p most recent values:
p-1
Inal = E O Ly = Opln ~ Ol In_] =+ OmIn-p.1. (3.1
={U

where the coefficients (o, 1,: |, are obtained via the classical Levingston-Durbin Algorithm

:30i. Let L = logatp) and
I = (Tg_acpal-Thoropapr - -Ik—a) (3.2)

be the current buffered traffic with discrete scaling cocfficient at level L and wavelet coef-

ficients up to level L given by
{faz(L.-). {dz(1.-).dz(2.).--- .d:(L.-}}. (3.3)

For each level 7 € \;. let the order of the AR process be A/2/. We predict future wavelet
coeflicients for each ; by approximating Equation 5.1 by a p/2’ predictor on d;().-} as

follows:

>
[V
it

o
a

(V_jE.\[_)(ViE.\p o) di(y.1) = od: (3. (A= p)r20 =1 —1). (3.
(=0

Estimating a; (log,(pj. ) by az(log,(p).-). the inverse wavelet transform may be performed

on {a;(log,(p). -). {d}(l. Fedz(2.). - .d}(logg(p). -)} to obtain predicted traffic £_,. . Tx—ps2.- - s Tk-

The hg is then obtained as b; = maxcy,, {Z:}. The procedure is illustrated in Figure 5.1.

More formally. the pSWD-LP is given as follows:

Algorithm:
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dyil.
(/2" Step LP |—
1.02. ) ; B(t)
& | p/2:-Step LP ——8{ IDW'T ——of MAX([#]1, | 2
doL. -
‘,)/'QL-Step LP

Figure 5.1: p-step Wavelet-Domain Linear Predictor

Step 1: Let r be given:

Step 2: Compute an L-level wavelet decomposition on I to get scaling coefficients a3z (L. ")

and wavelet coefficients {d;(j.-):J =1.---.L}:

Step 3: Set j=1land:1=1:

Step 4: Obtain d;(y.1) via Equation 3.4:

Step5: 1 =1+ 1:

Step 6: If : € .\, ,,. goto Step 1

Step7: y=,+IL:

Step 8: If j € . set 1 = 1. goto Step 4

Step 9: Get (1,),2y, -

Step 10: Get (B, },-;, , via Equation 4.1
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Step 11: While & < n. goto Step 1.

5.3 The p-Step IWM Predictor

From the previous chapter. we learned that wavelet coefficients needed by the LMBM and
DLMBM are not readilv available in a practical situation: and must therefore be predicted.
It is for this purpose that we present the p—Step [WM Prediction ( pSIP) algorithm. Let s =
Aog20-) 4y e N e NMandlet L = log,(p). Let I = (T xep o1 Thoivapran- - - Thoy)

be given. for some k € R with & > A = p. Then the pSIP algorithm is given as follows:

Step 1: Compute the log.(p) multi-level wavelet decomposition of  to get {az(L.1}. {d:().-) :

J=12.--- . L}}:
Step 2: Set j=1:
Step 3: Compute the sample variance v, of d;(y.-):

Step 4: For: = 0.1.--- .n, — 1. predict wavelet coefficients at level 7 via the IWM equation

d:(j.1) = v,uw,. where u is a white noise process:
Step 5: While j not equal to L. set j == 3 = 1. goto Step 3

Step 6: Set d = {az(L.1).{d:(J.") y=12--- L}
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5.4 Summary

This chapter introduced the p-step Linear Predictor—Algorithm 1. Section 5.2---and the
p-step WM predictor —Algorithm 2. Section 5.3. Each algorithm serves the same purpose,
namely. to predict the wavelet coefficients of the next p traffic samples to arrive given its

A most recent past values.
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Chapter 6

Bandwidth Allocation Algorithms

6.1 Introduction

This chapter proposes two bandwidth allocation algorithms for real-time network traffic.
The first is the Consecutive Max Bandwidth Allocation Algorithm. which uses the Class
of Detail Maximum bandwidth Models. Subsection 4.4. and is based on the traffic’s past
behavior. The second is the Independent Wavelet Bandwidth Allocation Algorithm. which
is also based on the Class of Detail Maximum bandwidth Models. but uses the prediction
algerithm pSIP. Subsection 5.3. These banduidth allocation algorithms are ezamples of the

general algorithm discussed in Chapter 1. Subsection 1.2.

The aim of a bandwidth algorithm is to estimating the network traffic bandwidth ahead of

time before the traffic arrives at the network node output. More specifically. given A past
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values
(Thk v-pe1-Thk-r-p=2-""" - Ti_p) (6.1)

of the traffic r estimate the bandwidth. B. for the p future traffic samples (re. r6y.- - . ri2p)
of r ahead of time. where p. A € ", Without lost of generality. p and A will be as-
sumed to be powers of 2 with A > 2p a multiple of p. Recall that to compute band-
width B = (B,. B».--- . By} it is necessary and sufficient to compute only the subsequence

(B',.B-_)p.-‘- .Bn).

6.2 The Consecutive Max Bandwidth Allocation Algorithm

This section introduces the first of our bandwidth allocation algorithms—the Consecutire
Mar Banduidth Aliocation Algorithm (CMBAA). The algorithm is shown in block diagramn

form in Figure 6.1. As mentioned earlier. the CMBAA is a special case of the integrated

—*l’—-{ = e DWT DLMBM |+ GNB TB
L A
QoS Maintainer

Figure 6.1: The Consecutive Max Bandwidth Formula

bandwidth allocation algorithm given in Subsection 1.3. The Get New Bandwidth (GNB)
function is defined by Step 3 to 7 in formal statement of the CMBAA given at the end of
this section. We now discuss this CMBAA in detail. Let us assume that the first ¢ = [/p
values (B,. Ba,.--- . By) of this subsequence are given. That is. an initial bandwidth.

B..B..--- . B, is pre-allucated on the output link of the network node for the anticipated
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trafhc. r;.r..--- .\ at time t = 0 sav (see Figure 6.2). The choice of these initial B,’s
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Figure 6.2: Bandwidth Allocation

may be based on some preliminary estimate of traffic or on a prior traffic information. As
the traffic samples are arriving their values are copied into a buffer which uses a first-in
first-out (FIFO) discipline. ( We uish to emphasize here that the traffic samples themselves
are not held in this buffer —only a copy of each is). Let k = A+ p. and make the following

assignments at time ATg:

= (I, (6.2)
Blr*mp = Bs_ku' (6.3)
By = Brcmp (6.4)
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In the mterim while these computations are being made. additional traffic samples.
Tk 2pal-Th2pa2 Te-p). (6.3)

or at least a subset of them. are likely to arrive. These would also be copied to the buffer.
Note that By is the bandwidth for this traffic. At this point. only p samples of the traffic
will be needed to make the next bandwidth projection Bi.;. Thus the FIFO buffer may
now be assumed to be of length p. so that an equivalent amount of traffic values are dropped
from the buffer as the amount copied to it. This means that onlv p traffic samples are
maintained in the buffer at anv given time. To ensure that the bandwidth is assigned for
the next pTy time slots before the traffic arrives. the computation times for the assignments

in Equations (6.2) through (6.4) will be assumed to be less than the value of pTj.

The bandwidth value By ., for the next time slot is obtained by splitting the sequence

'Y = Ik opel-Th-20-2. - .Tk_p) into two separate sequences each of length p/2. The

first sequence u'!' = (Fk—2pei-Tk—2pe2. -+ - T(2k-3,, 2) consists of the first p/2 values of
r'? . The second sequence consists of the remaining p/2 values of r'#'. i.e. the latter
part of =¥ and is given by w'®' = (T2 _3p: 2141 L(2k_3p /212 - - Tk—p). Thus. we have

r?o= (u'h

cw ). Let b4 = By u'" and 6% = B, 4w, If (bY = Bremp) > 7 and
(6% = Biemp) > 7. then set Biemp = max{b'' 4%’} and Bi., = Biemp. Otherwise. set
Bi., = Biemp. Set k =k +p and update the bandwidth using the updated buffer starting

with the computation of the u'!" and u*?'. Continue to update the bandwidth in this way

as new traffic arrives. The algorithm is illustrated pictorially in Figure 6.1.

The algorithm is given formally as follows: Algorithm:
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Algorithm:
Step I: Let tolerance T be given and assume that B;. Bs.--- . Bg_, have been pre-allocated
for the first A = [p anticipated traffic values (r;.ro.--- .1)) of I.
Step 22 Let k=X ~pand w = (5).T2. - . Tk—2p):
Step ¥ Let Biemp = B- jun
Step 40 Set By = Bemp:
Step 3: Let
wl = (Tp_2pe1. Tho2pe2 -Iiok-3p;2) and
usl = (Ti2k_3p 2-1-T 2k-3p) 227" -Tk—p)

Step 62 Set b'' = B, ju'!' and b2 = B, jun?)

=~

Step 72 1 ((bY = Bromp) > 71 && {5 = Bremp) > 7}
Biemp = mar{b'l'. b2}
Bi-p = Bremp

Else
Bi.p = Btt'mp

Step 8: While k < n

k=k+p

Goto Step 5
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6.3 Results

In this section. we present the results of our algorithms for the wide area TCP trace. LBL-
TCP-363] - a portion of which is illustrated in Figure 6.4 with its allocated bandwidth.
This trace contains two hours of all wide-area TCP traffic between Lawrence Berkeley
Laboratory and the rest of the world. It is freely available on the Internet from the
Internet Traffic Archive (http://ita.ee.lbl. gov/html/traces.html). We note that although
the trace is actually given in bytes/sec. the subsequent results also holds true for traffic
given in cells/sec or packets/sec. This is because the number of packets or cell per second

is directly proportional to the number of bytes per second. We use the simplified ATM

z B

— > —>

Figure 6.3: ATM Simulator

simulator 2] illustrated in Figure 6.3 to model the traffic at a network node. Here the traffic
I arriving at a network node continues to the node output provided that the bandwidth
is large enough to accommodate it. B, > r,. 1 = {k—p+ 1L.k-p+2.--- .k} for some

ke ptin A, If the traffic exceeds the bandwidth. then traffic samples D, =z, - B,. i €
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U —p =18 —p=2--- k! are dropped into the FIFO buffer of size M shown. Let Qy_
be the nmumnber of cells 1in the buffer ar time & — 1.A4 £ A'. then the buffer state at time k

is given by Q¢ = min{ M. max{0. D¢ = (s_}}. We test the performance of the proposed

«10° Trathc and Banawidth. p « 512

Figure 6.4: Traffic and Bandwidth

algorithm by applying it to the ATM simulator shown in Figure 6.4. The following two QoS
parameters are then computed in order to test the performance of the algorithm: the cell
loss ratio (CLR). defined as the number of loss cells divided by the number of transmitted

rells. The marimum cell deiay (MCD). defined as the maximum number of time units for

n

which a cell is held in the buffer. We also compute the utilization. u = 3" 7,/ 3 7| B,.

A utilization of one when cell loss is zero means that all the allocated bandwidth is actually
used: a utilization less than one. means that the bandwidth is actually under-utilized: while

a utilization greater than one means that some cell/packet loss have occurred because of
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the trathic exceeding the bandwidth at various times.

Results for the proposed algorithm with the ATM simulator are as follows. Figure 6.4
shows the traffic LBL-TCP-3 overlapped with the allocated bandwidth. B. Figure 6.5
displays CLR versus the buffer length. M. with ~ = 1.4. p = A = 512 and 7 = 50. Clearly.

CLR decreases as the buffer length increases as one would expect. Figure 6.6 illustrates the

CLR vs Bufter Length
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Figure 6.5: CLR vs. M

MCD versus M. again with 4 = 1.4. In contrast to the CLR. the MCD increases with the
buffer length M. This is consistent with previous results 2] acknowledging that increasing
buffer length by itself may not necessarily improve overall quality of service and may in

fact increase delay in the network.

Figures 6.7 and 6.8 show the effect of the parameter + on CLR and MCD. respectively.
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Maximum Delay vs Bufter Length
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Figure 6.6: MCD vs. M

Here M = 30 and p = 512. The CLR decays exponentially with 4. Although the MCD

also decays with ~. it does so at a much slower rate and in an oscillatory fashion.

The utilization is shown in Figure 6.9. and it also decays exponentially with v. An important
design problem is choosing an optimal value for . In choosing such a value. one would
want CLR and MCD as low as possible with a utilization as close to one as possible.
However. since these three parameters decays with ~. there will be a need for some sort of

tradeoff. Future work will examine this question.
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6.4 The Independent Wavelet Bandwidth Allocation Algo-
rithm

This subsection presents a second bandwidth algorithm—the Independent Wavelet Band-
width Allocation Algorithm (IWBAA). In many respects the IWBAA is similar to the
CMBAA. The major difference lies in the use of the pSIP algorithin to generate sitmulated
network traffic ahead of time and then estimating the bandwidth from this traffic instead
of just using past values of the actual network traffic. Let an initial bandwidth of length
A~ p be pre-allocated on the out-going link at a network node. i.e.. (hg)kcn~2,_, are given.
Let tolerance r € I* be given. Assume that traffic values. r = (r;.15.--- .1\). are stored

in a buffer with maximum length A. Without loss of generality. let us also assume that
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thev are finitely many traffic samples .. The IWBAA is illustrated in Figure 6.10. It is

I . o . n LB
—r 27 - DWT J W\ DLMBM |- GN\B —T

J

A

i QoS Maintainer

Figure 6.10: Bandwidth Allocation Model

given formally as follows:

Algorthm:

Step I: Let tolerance 7 be given and assume that B,. Bs.--- . By _, have been pre-allocated
for the first A = lp anticipated traffic values (ry.ra.--- .1,) of r.

Step 22 Let k = A+pand w = (1. 0,.--- . Tr_3p):

Step 3. Pass u to pSIP algorithm to obtain wavelet coefficients d = dy.ds.--- .dp for
traffic re_po i Th—pe2o- - T

Step 4: Let r be the signal reconstructed via the IDWT of d:

Step 5. Let Bremp = Bt

Stf’p 6 Set Bk = Bn'mp:

Step 7. Let
{ .
Il“I = (Ik-gp-l.l’k-gp-g."' 'I'Qk—fior,Qj and
(2
u's = (Toop-3p)2-1-T2k-3p)2+2- " - Ti-p)

Step & Set b1 = B, jul and b2 = By gu'
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Step & 140" = Bipmyp) > 7, && (b = Bromp) > 7.

Bremp = mar{b!l b2}

Bkop = Brrmp
Else
Bkop = Btemp

Step 11 While k < n
k=k+p

Goto Step 5

6.5 Results

This section presents the results of the IWBAA algorithm for the the wide area TCP trace
mentioned in the previous section. LBL-TCP-3/631. We again use the simplified ATM
simulator shown in Figure 6.3 with a finite buffer of length M in order to test the cell loss
rativ (CLR). maximum cell delay (MCD) and the utilization of the IWBAA at a network
node. The ATM simulator has been discussed in the previous section. The results for the
IWBAA are given in Figures 6.11. 6.12. 6.13. 6.14 and 6.15. These results are similar to

those for the CNIBAA in Section 6.2 (see the discussion there).
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CLR vs Bufter Length
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6.6 Summary

This chapter presents two bandwidth allocation models for to estimate the baudwidth
at a network node. The Consecutive Max Bandwidth Allocation Algorithm is based on
past values of the traffic as well as previous bandwidth values. The Independent Wavelet
Bandwidth Allocation Algorithm is based on past values of the traffic and the bandwidth

and also on simulated data generated via the Independent Wavelet Model.
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Chapter 7

Conclusion and Future Research

This dissertation investigates the problem of bandwidth reservation and allocation at a
communication network node using the concepts of multiresolution analysis. wavelets and
time series analvsis. Two classes of bandwidth models based on the discrete wavelet trans-
form have been developed to model the traffic bandwidth at a network node. Algorithms
for estimating (or predicting) wavelet coefficients needed by the bandwidth models. which
themselves are based on the discrete wavelet transform of network traffic have also been
provided. The LMBM family of bandwidth models are obtained by taking the maximum
of the traffic over the appropriately chosen traffic samples. Another family. the DLMBM
family of bandwidth models. are obtained by taking the maximum of the detail signal of
the traffic at level 1. We also proposed two prediction algorithms. The pSIP algorithm.
based on the Independent Wavelet Model can be used to estimate wavelet coefficients
needed by a chosen bandwidth formula. Similariy. the pSWD-LP algorithmn can also be

used to predict the necessary wavelet coefficients for a bandwidth formula. It is based
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an on linear prediction or autoregression. An integrated bandwidth allocation algorithm
is then constructed by picking an appropriate bandwidth function. and,or a prediction
algorithm to predict its wavelet coeflicients. We have also developed two special cases of
this generalized integrated model. The Consecutive Max Bandwidth Allocation Algorithm
(CMBAA) is based on past values of the traffic as well as previous bandwidth values. The
Independent Wavelet Bandwidth Allocation Algorithm (IWBAA) is based on past values of
the traffic and on simulated data generated via the IWM. Both models have been analvzed
with a simulated ATM switch and their performance evaluated in terms of CLR. MCD and
utilization. The results for the algorithms are similar. Namely. they show that CLR can
be made arbitrarily small by choosing the buffer length at the switch appropriately large.
However MCD increases as M gets large while utilization drops below one. Therefore.
one important design problem to be investigated is choosing an optimal value for M at a
network node. Choosing an optimal values for the parameters v and « in the DLMBM and
LMBM. respectively. are also important problems to be investigated as these parameters
control CLR. MCD and utilization. Our results compare favorable with results in [2]. and
in some cases out-performed those results. The proposed method is also flexible enough to
allow further improvements as more sophisticated prediction algorithms become available

and as wavelet theorv advances.

Future work will continue to investigate more efficient bandwidth models and prediction
algorithms that can be used to predict bandwidth components. such as. the large class of
nonlinear prediction algorithms that have been developed. We also wish to investigate the

problem of using wavelets itself as a prediction tool. Wavelets and multiresolution analysis
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can be used to separate traffic into a summation of multiple streams: each stream may
then be modelled separatelv. The overall prediction will then be the sum of the individual

predictions. This approach may have several advantages:

e Intuitively. some streams are more important than others and thus need to be mod-
elled more carefully. For example. the traffic streams at either high or low enough

resolution may be ignored (i.e. a simple mean model is used).

e Traffic at different resolution mav be modelled separately. Intuitively. traffic is com-
posed of multiple variations at multiple time scales (e.g. either net backoff protocol
‘less than one second]. TCP and end-to-end dynamic (1 second). application adap-
tation (5 seconds). and user behavior (minutes)). This allows us to mode] different

dynamics separately and differently.

o [t might be possible to model seasonal traffic variation without much effort.
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