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Abstract

Asynchronous Transfer Mode (ATM) has been recommended by the ITU-T as the
transport method for Broadband Integrated Services Digital Networks (B-ISDN).
B-ISDN has shown the need for traffic control, and a variety of traffic control
strategies have been proposed in the literature. The behaviour of the network dynamics
in the presence of bursty VBR video traffic adds to the complexity of the traffic
control problem. The problem become even more complex if time priorities are

assigned to different traffic classes to achieve different quality of service requirements.

Neural Networks (NN) have been recommended by many researchers to provide an
alternative approach to the conventional traffic control approaches for ATM networks.
The advantage is in their learning and adaptive capabilities that can be used to

construct adaptive control algorithms for optimal traffic control.

This thesis compares some of the NN congestion and flow control techniques that have
been proposed in the literature and proposes an access flow control scheme using
simple adaptive and non-adaptive linear predictors. It is shown that with a simple
linear prediction scheme, better performance (cell loss ratio, delay and utilisation) can
be achieved when compared to the conventional binary scheme. The linear prediction
scheme has the advantage of having low computation complexity when compared to

NN schemesin the literature.

A limitation of the previous work on the NN techniques is that they were implemented
in a single buffer with a fixed service rate scenario. However, most of the feedback
mechanisms are implemented on best effort traffic, which has zero, or minimum
allocated bandwidth (such as in Available Bit Rate traffic). This thesis proposes NN
and fuzzy logic schemes for congestion control in an ATM switch with time priorities.
It is shown that in a prioritised switch it is necessary to monitor the buffer to be
controlled as well as buffers with higher priorities. Furthermore, the NN and fuzzy
logic schemes in a time prioritised switch gives lower cell loss and delay when

compared to the conventional binary scheme.
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Chapterl

| ntroduction

1.1 ATM for Broadband Communications Networ ks

The number of multimedia information services is growing rapidly, increasing the
demand for broadband integrated services digital networks (B-ISDN) that will provide
high-speed communication channels suitable for transporting multimedia signals
efficiently. Asynchronous Transfer Mode (ATM) is the transfer mode of choice for B-
ISDN [ONVU94]. Performance prediction and quantitative analysis of these networks
have become extremely important in view of their ever expanding usage, and the
complexity of their functioning. Although there has been a great deal of progress in
ATM technology, there are still many interesting and important research problems to

be resolved [KOUV97].

1.2 MachineIntelligenceand ATM

Machine Intelligence has been widely used in solving engineering problems [HABI95,
HABI97]. The strength of Machine Intelligence comes from the adaptive, learning and
inference features that can alleviate the shortcomings of conventional agorithmic
approaches. Machine intelligence techniques can be classified as computational and
artificial intelligence techniques. NN and fuzzy logic are examples of computational
intelligence, whereas expert systems are examples of artificial intelligence [HABI95].
Computational intelligence is also referred to as “soft computing” in [ZADE96],

where it is defined as being a consortium of computing methodologies which
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collectively provide a foundation for the conception, design and deployment of

intelligent systems.

The motivation behind using machine intelligence in ATM traffic control comes from
the fact that the queuing analysis of most congestion control algorithms provides only
steady state analysis due to the complexity of modelling time dependant behavior.
Also, the time varying nature of VBR traffic makes the problem of managing the
network resources, in order to achieve the best possible performance, very difficult
and hence the need for dynamic schemes with adaptive and learning capabilities. The
importance of machine intelligence in ATM traffic control has previously been
discussed in the article in which [HABI95] states. “In my opinion, resource
management techniques with computational intelligence capabilities that can learn
traffic variations from experience, predict their future behaviour, and adapt to the
highly dynamic behaviour of the network’s workloads are needed. | do not think that

stochastic modeling and queuing analysis approaches can be the answer” .

1.3 Research Challenge

ATM has been designed to support various classes of multimedia traffic with different
bit rates and Quality-of-Service (QoS) requirements. Due to the high fluctuation and
burstiness of VBR traffic flow within multimedia networks (e.g. entertainment video)
congestion can occur frequently. The motivation behind using intelligent techniquesin
ATM traffic rate regulation comes from the fact that most conventional feedback flow
and congestion control schemes declare congestion based on the violation of a fixed
pre-defined threshold [ATMF95]. For example, if the threshold is set to be 50% of a

buffer of 200 cells, then congestion is declared when the queue length is greater than
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100 cells. Once the threshold is violated a backward signal is sent to the traffic sources
to reduce their rates by a fixed pre-defined rate (e.g. 50%). The threshold is usually set
depending on the QoS required in term of cell loss rate (CLR), delay and utilisation. If
the CLR is required to be low, the threshold has to be set low, and this causes an early
congestion signal to be sent to the sources. However, this might lead to low utilisation
of the buffer (unfilled) and the server, in addition the transmission delay might also be
high. On the other hand, if the threshold is set to be high e.g. 90% of the total buffer
size, this might lead to high CLR, specially under bursty traffic conditions, where the

buffer might fail to absorb the sudden influx of cells.

Because of the bursty nature of the VBR traffic, the source may be transmitting at its
peak rate and this may be followed by very low bit rates, so the threshold has to be
changed dynamicaly to achieve the required CLR and the optimum resource
utilisation. This analytical dynamic threshold scheme, if it exists, will require a lot of
computation in practice. Another solution is to regulate the sources explicitly. Neural
network and fuzzy logic applications to congestion and flow control have been studied
in the literature [FAN97b, LIU95c, TARR94, PITS97] and these schemes have been
proposed in order to replace or improve the performance of the conventional threshold
based schemes. For example, the NN scheme in [LIU953a] is trained to predict the
exact or explicit source rate reduction required to avoid congestion, and hence it is
adaptive (or dynamic) while the conventional scheme is static. On the other hand, the
NN scheme in [FAN97a] improves the performance of the threshold scheme by using
NN as a traffic predictor that gives an early detection of the threshold violation. More

details of these schemes will be discussed later in chapter 4.
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1.4 The Resear ch Programme

This thesis, in general, carries a review on the previous neural and fuzzy applications
in congestion and flow control however; specifically, it tackles the following problems
in details:

1. Most of the NN and fuzzy flow and congestion control schemes have their
parameters set off-line. However, entertainment VBR video traffic features scene
changes, frame cuts, zooms, and rapid movements, hence there is arequirement for
an adaptive scheme that can be implemented on-line. Because of the real time
implementation requirements, any flow control scheme has to be smple in term of
computation requirements. In [NEVE95] it was stated “ inclusion of NN increases
the complexity of the flow control implementation and requires a training phase
before operation”. In chapter 5, a flow control scheme based on a simple adaptive
on-line linear predictor is proposed. The linear predictor is ssimpler in term of
computation requirements when compared to the neural network scheme.

2. All of the neural network applications in congestion and flow control have been
examined using a single buffer with a fixed service rate. However, it is obvious
from work done for the ATM forum [ATMF95] that the traffic to be regulated is
Best Effort traffic. This type of traffic has minimum or zero bandwidth guarantees,
and in ATM switches will have low time priority. Kelly [KELL96] states: “With
several priority classes the key point remains that each priority class may have its
own characteristic space and time scale. under strict priority a source is
unaffected by lower priority sources, but will be affected by the behaviour of
higher priority sources on its characteristic space and time scale”. In chapter 6, a
new NN scheme was developed to control congestion in a low priority buffer and

take into account the effect of the higher priority buffers. The goal was to show
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that to control a low priority buffer using the NN congestion control scheme in a
prioritised switch it is not enough to monitor the controlled buffer but it is also

necessary to monitor buffers with higher priorities.

. In order to overcome some of the limitations associated with the use of NN, which

will be explained in chapter 3, fuzzy congestion controllers were proposed in the
literature. Some of the previous fuzzy logic implementations in congestion control
as in [LIU95c, TSAN98] have been examined using a single buffer case. Even
when the fuzzy congestion control schemes considered the prioritised ATM switch
in [CHENG94] and [PITS97], only the status of the low priority buffer to be
controlled was monitored. In chapter 7, a new fuzzy congestion controller in a
prioritised ATM switch is proposed. As in chapter 6, the goal in chapter 7 is to
show that by monitoring the status of the low priority buffer to be controlled as
well as the higher priority buffer, a better decision can be made on the congestion
status and hence an improve in performance of the fuzzy controller can be
achieved. A new architecture that reduces the complexity of the fuzzy schemeis

also proposed in chapter 7.

1.5 Organisation of the Thesis

This section gives an overview of the thesis and provides the reader with a quick

summary of each chapter. The thesis is divided into nine chapters (including this

introduction) plus five appendices. Chapters 2, 3 and 4 contain a review of ATM

traffic control functions, and the previous applications of neural network and fuzzy

logic control in ATM. Chapters 5, 6 and 7 contain the contribution of the thesis. That

is followed by an overall discussion in chapter 8 and conclusions and further work in

chapter 9. The reader will find a summary section at the end of each chapter leading to
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the next chapter. The remainder of this section gives a brief preview of each chapter

and appendix.

» Chapter 2 explains ATM stochastic traffic models and real traffic traces that have
been used in the thesis. The traffic parameters used to describe the traffic, the QoS

in ATM, and traffic management functions are also explained in this chapter.

» Chapter 3 gives a brief introduction to NN and fuzzy logic and their previous

applicationsin ATM traffic management.

» Chapter 4 reviews in detail some of the previous NN applications in congestion
and flow control. A comparison of two of the previous schemes proposed in the
literature is carried out. The limitations of these schemes are also discussed in this

chapter.

» Chapter 5 describes the proposed linear prediction flow control scheme and shows
a comparison with a previous NN controller as well as a conventional congestion

control scheme.

* Chapter 6 researches the extension of the previous NN schemes into an ATM
switch with time priorities. Simulations were carried on an ATM switch model
with two and three levels of time priorities. This chapter discovers the source of

strength in the NN scheme when compared to the conventional threshold scheme.

» Chapter 7 proposes a fuzzy congestion controller in an ATM switch with time
priorities. The fuzzy scheme is compared with the NN scheme proposed in chapter

6 aswell as the conventional threshold scheme.

e Chapter 8 gives an overall discussion of the proposed schemes and the results

achieved.
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Chapter 9 gives a conclusion on the work done in the thesis as well as discussing

possible future work.

Appendix A gives a detailed overview of the adaptive and non-adaptive linear
predictors used in chapter 5 and the back-propagation learning algorithm used in

chapter 6.

Appendix B shows fuzzy rules and membership functions created by a neuro-fuzzy

approach for the congestion control problem discussed in chapter 6.

Appendix C explains in short, the possible future implementation of NN scheme

for Connection Admission Control (CAC) in atime prioritised ATM switches.

Appendix D gives some preliminary test results carried out using On-Off sourcesin

atime prioritised ATM switch.

Appendix E shows the author’ s publications.
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Chapter 2

ATM traffic models and traffic

management

2.1 Introduction

ATM s a transfer mode for modern high-speed telecommunication networks, the
B-ISDN [ONVU94]. It provides end-to-end digital connectivity to support a wide
range of services such as voice, video and data. Users send information as a series of
53-byte packets called “cells’. These cells consist of a 5-byte header and a 48-bytes of

user data.

In this chapter, the ATM cell format is explained in section 2.2. Section 2.3 explains
the QoS parameters used in ATM, while the ATM traffic descriptor parameters and the
ATM traffic models are explained in section 2.4. Section 2.5 describes some of the

traffic control functions. Finally, section 2.6 gives a summary of this chapter.

2.2 ATM Cdll Format

Asshowninfigure 2.1, the ATM cell header consists of the following fields:

+ Generic Flow Control, a four bit field providing flow control at the User Network
Interface (UNI) for traffic originating at user equipment and directed into the
network. It is used as part of the Virtual Path field at the Network to Network

Interface (NNI).
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+ Virtual Channel (VC). The VC isaconcept used to describe unidirectional transport
of ATM cells associated by a common unique identifier value called Virtual
Channel Identified (VCI). VCl isa 16 bit field.

« Virtua Path (VP). The VP is a concept used to describe unidirectional transport of
ATM cells belonging to VCs that are associated by a common identifier value,
referred to asthe Virtual Path Identifier (VPI). VPl isan 8to 12 bit field.

+ Payload Type is a three-bit field indicating the type of information in the
information field.

« Cell Loss Priority (CLP) is a one-hit field that is used to provide guidance to the
network in the event of congestion. A value “0” indicates a cell of relatively higher
priority, which should not be discarded unless no other alternative is available. A
value “1” indicates that a cell can be discarded within the network in case of
congestion.

« Header Error Control, an 8-bit field used mainly for two purposes: to detect (2 bit)
and correct (1 bit) errorsin the ATM cell header and for cell delineation.

The 48-byte user data will have a format depending on the user ATM Adaptation

Layer class. For more details refer to [ATMF95].

8 7 6 5 4 3 2 1

Generic Flow Control VP *
VPI VCI
5 byte
VCl Header.
VCI Payload Type CLP
Header Error Control v

Information field (48 Bytes)

Figure 2.1, ATM Cell Format [ONVU94]

28



2.3 QoS Requirements

Buffer space and transmission capacities are limited network resources. To use the

network resources efficiently, it is necessary to find a resource management scheme

that gives the best utilisation of these limited resources and achieves the required QoS.

While setting up a connection on an ATM network, users can specify the following

parameters that are related to the desired QoS.

1. Cell Loss Ratio (CLR): the ratio of the number of cells lost in the network (due to
error and/or congestion) to the number of cells sent.

2. Cdl Transfer Delay (CTD): The delay experienced by a cell between network entry
and exit points. It includes propagation delays, queuing delays and service times at
gueuing points.

3. Cell Delay Variation (CDV): Thisisameasure of variance of CTD.

Providing the desired QoS for various traffic types is a complex task due to the nature
of some services, the variety of service types and the different QoS requirements. To
achieve the required QoS, two approaches can be implemented. The first one is the
integration approach, where al the traffic from different connections (with different
QoS) are multiplexed onto one VP (and hence use one buffer). This implies that the
most restrictive QoS requirements must be applied to al services. Therefore, link
utilisation will be decreased because unnecessarily stringent QoS is provided to all
connections. The other method is the segregation approach. In this approach, the
problem of providing QoS is simplified if traffics with different QoS requirements are
separated by VPs with different resources (buffers and links). However, resources may
not be efficiently utilised because no sharing of bandwidth or buffer space can take

place across the VP.

29



2.4 ATM Traffic

Many researchers have studied the characterisation of cell streams, generated by ATM
sources over the past years. Proposas for source models put the emphasis on
simplicity, realism and accuracy. Traffic models, as well as real generated traffic, are
important for the evaluation of the performance of traffic management schemes such
as the CAC and User Parameter Control algorithms (UPC) (explained later in section

25.2).

2.4.1 Traffic Parameters

ATM traffic parameters are the parameters that identify the traffic behaviour of an

ATM source. ldeally these parameters should be simple and enforceable by the UPC.

They should aso be relevant for resource allocation schemes meeting network

performance requirements. A set of these parameters form a traffic descriptor, which

plays a key role in deciding on the admission of connection attempts in CAC and in

judging a user’s conformance with the service contract in the UPC. The ATM traffic

parameters and their definitions are:

1. Peak Cell Rate (PCR): The peak rate at which cells are transmitted.

2. Sustainable Cell Rate (SCR): an average rate of an ATM connection usually set
between the Mean Cell Rate and the PCR.

3. Maximum Burst Size (MBS): The maximum number of consecutive cells that the
source could transmit at its peak rate during an active period.

4. Mean Burst Length (MBL): The average number of consecutive cells that the

source transmits at its peak rate during an active period.
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Based on the above traffic parameters, and the parameters related to the QoS
requirements, traffic in ATM has been divided into four main categories as follows
[ATMF95]:

a) Constant Bit Rate (CBR): This service class provides a virtual fixed bandwidth
circuit. It is used for emulating circuit switching. Real-time applications with fixed
bandwidth such as telephony or video conferencing may use CBR. The QoS is
guaranteed for this class by CAC and the traffic descriptors are policed by the UPC.

b) Variable Bit Rate (VBR): This class is intended for bursty traffic with precisely
defined throughput requirements. VBR is divided into two subclasses, real-time
VBR (rt-VBR) and Non Real-Time VBR (nrt-VBR), depending on whether the
application is sensitive to cell delay variation. An example of a traffic type that
might use rt-VBR is interactive compressed video, and using nrt-VBR might be
multimedia e-mail. The QoS is guaranteed for the rt-VBR by CAC and the UPC
polices the VBR traffic descriptors.

c) Available Bit Rate (ABR): The ABR service category does not require the cell
transfer delay and CLR to be guaranteed or minimised, but switches are required to
minimise the cell loss by using flow control techniques [ATMF95]. The source is
not required to describe completely its traffic characteristics but must provide some
minimum traffic requirements (e.g., Minimum Cell Rate). Sources “dynamically
adapt” according to feedback from the ABR congestion control mechanism. To
offer an ABR service over a network it is necessary to have large buffers. Thisis
due to the potentially bursty nature of this traffic type. Examples within this class
arefiletransfer and e-mail.

d) Unspecified Bit Rate (UBR): The UBR service category is intended for non-real

time applications i.e. without stringent delay and delay variations constraints.
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Neither traffic description nor QoS is guaranteed for this class and hence neither
CAC nor policing is performed. During congestion, the cells are lost and the
sources are not expected to reduce their cell rate. This class is sometimes called the
“Best Effort Service” (applications have their own higher-level cell loss recovery

and retransmission mechanism).

Table 2.1 shows the specified and the unspecified parameters for each traffic category

[ATMFO95].
ATM ATM Layer Service Categories
attributes | CBR | t-VBR | Nrt-VBR | UBR | ABR

Traffic Parameters.
PCR & | Specified Specified Specified Specified specifiedd
CDhVT®

SCR, MBR, | n/a Specified Specified n/‘a n/a
CDVT®

MCR® n/a n/a n/a n/a specified
QoS parameters.

Peak-to- Specified Specified Unspecified | Unspecified | unspecified
Peak CDV
Maximum | Specified Specified Unspecified | Unspecified | unspecified
CTD
CLR**® Specified Specified Specified Unspecified | specified”

Other parameters.
Feedback Unspecified | Unspecified | Unspecified | Unspecified | specified

a: For all service categories, the cell loss ratio may be unspecified for CLP = 1;

b : Minimised for sources that adjust cell flow in response to control information.

¢ : May not be subject to CAC and UPC procedures.

d : Represent the maximum rate at which the source can send as controlled by the control
information.

e: These parameters are either explicitly or implicitly specified.

f . Different values of CDVT may be specified for SCR and PCR.

Table 2.1, QoS Requirements for Different Traffic Types from [ATMF95]
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2.4.2 ATM Traffic Models

This section describes two traffic models and one video stream used later in thisthesis.

Further descriptions of voice, data and video models can be found in [COSM 94].

2.4.2.1 On-Off Model

Heffes and Luchantoni [HEFF86] showed that the statistical multiplexing of M voice
sources can be analysed with a superposition of M sources modelled as an On-Off
model, where the On state represents a talkspurt and the Off state the silence period.
Sources with On and Off state durations distributed as negative exponential have been
most frequently studied and have been applied to data traffic, video traffic and as a

general model for bursty trafficin an ATM multiplexer [PITT96].

In the On-Off model, the source alternates between two states, active and silence
periods. Cells are only generated in the active state. The duration of the active and

silence periods are exponentially distributed with different mean rates.

Silence Active
State state

B
Figure 2.2, On-Off source model.

As shown in figure 2.2, the On-Off model was identified by the following parameters
[RAMAO9G]: the bit rate A in the active state, the mean burst duration (or mean On
period 8 = 1/f) and the mean silence duration (or mean Off period o’ = L/a).

The proportion of time the sourceis On, p, isgiven by:
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p=—P_ (2.1)

The On-Off model parameters can be obtained from the peak rate (p in bit/s), mean
rate (m in bit/s) and the mean burst length (b in cells).

» Bitrateinthe On state, A=p;

e AveragedurationintheOn state, B =L * E; L isthe length of the ATM cell.
p

» Average duration in the Off state, a’ = 3 * w.
m

The On-Off source is used in this thesis to model a multiplex of voice sources. Voice,

Data and Image were modelled using On-Off sources with the parameters shown in

table 2.2 [YANG95].

Traffic Class | Peak Rate (Mbit/s) Mean Rate (Mbit/s) | Burst Length(Cells)
Voice 0.064 0.022 58

Data 10 1 339

Image 2 0.087 2604

Table 2.2, On-Off Source Parameters.

2.4.2.2 Continuous-State Autoregressive Markov Model

The Continuous-state AutoRegressive (AR) Markov Model was used in [MAGL88] as
a traffic simulator that generates a time series representation of a video source. Let
A(n) represent the bit rate per pixel in a single source during the n’'th frame. A first

order AR Markov process generates A(n) by arecursive relation:

A(n+1) = aA(n) + bw(n). (2.2)
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where a = 0.8781, b = 0.1108, and w(n) is a sequence of independent Gaussian random
variables generating white noise with mean = 0.572 and variance =1, al measured
from experimenta data (head and shoulder video source) which shows a good
matching with the AR model [MAGL88]. Each frame of 250000 pixelsis generated in
1/30 second and the unit of A(n) is 1 bit/pixel. For A(n) = 1, the corresponding traffic
load is 10.368 Mbit/s, with the frame size taken to be 720x480=345600 pixels,

representing a high quality full motion video broadcast [MOH95].

2.4.2.3 Motion Picture Expert Group (MPEG) Video Traces

MPEG is the International Standards Organisation (ISO) standard of digital video
coding [TSAN98]. MPEG has been designed to satisfy a large variety of video
applications. A digital video sequence is a set of sequentialy displayed frames. Each
frame is made of a number of Sices (A frame of 352 x 288 pixels consists of 18
Slices). Each Sice is composed of a number of Macroblocks that isa 16 x 16 segment
of the frame, and is considered to be the basic coding unit for motion estimation and
compensation. Finally, a Macroblock consist of 4 Blocks of 8 x 8 pixels each. The

Block is the smallest coding unit.

A frame can be of three types: | (intra), P (predictive) and B (Bi-directional). | frames
require more bandwidth than P or B frames as they do not take tempora relations
between forward and backward frames of the digitised video into account. The B
frames have the least bandwidth requirements, as they are compressed and encoded
using both forward and backward frames. After encoding, the frames are arranged as

“1BBPBBPBBPBB". This periodic frame pattern is called a Group of Pictures (GOP).
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Four MPEG video traces are used in this thesis. The MPEG trace-1, which can be
found at the Bellcore ftp site [GARR94], represents a VBR video trace from the movie
“Star Wars’. The movie is approximately 2 hours in length and contains a diverse
mixture of material ranging from low complexity scenes to scenes with high action.
The trace set contains 174138 frames and was coded at 24 frames per second. The
peak rate of this trace 185267 bits/frame, the mean bit rate is 15598 bits/frame and the

standard deviation of the bit rate is about 18164 bits/frame.

MPEG trace-2 and trace-3 and trace-4 can be found in [ROSE95]. Trace-2 represents a
VBR video trace from a football match. The peak rate of this trace is 187200
bits/frame, the mean bit rate is 27128 bits/frame and the standard deviation of the bit
rate is about 25969. Trace-3, is from the movie “Jurassic Park” and the peak rate of
this trace 119010 hits/frame, the mean bit rate is 13078 bits/frame and the standard
deviation of the bit rate is about 14750. Trace-4, is from a Formula-One Race. The
peak rate of this trace 202500 bits/frame, the mean bit rate is 30749 bits/frame and the
standard deviation of the bit rate is about 21168 hits/frame. All, trace-2, trace-3 and

trace-4 sets contain 40000 frames and they were coded at 25 frames per second.

2.5 Traffic Management Functions

ATM networks are designed to support a variety of services. QoS cannot be provided
to ATM connections without some form of traffic control. The network must provide
QoS to the user applications and this is achieved by providing an appropriate means of
differentiating between traffic types. The main objective of traffic control is to protect

the network and the end systems from congestion in order to maintain network
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performance guarantees. In addition, traffic control is used to promote the efficient use

of network resources.

&
Long Resource
term provisioning.
.......................... Commection
Admission Control.
Connection Call routing
duration Dynamic
................... source coding.
Propagation In-Call parameter Adaptive rate
delay negotiation. control
cell time Traffic Excesstraffic
shaping marking.
Traffic Sclective
. discarding
policing
p > ¢ 4 g
A - N .
Preventive control Reactive control

Figure 2.3, ATM Network Control Mechanisms, modified from [ONVU94].

Different traffic management functions have been identified by the ITU-T
recommendation 1.371 [ITU95], and by the ATM Forum [ATMF95]. These functions
can be classified into two categories. preventive control and reactive control.
Preventive control attempts to prevent congestion by taking appropriate actions before
congestion occurs. However, to eliminate congestion and to guarantee QoS, it is not
enough to have preventive control and some reactive control is also necessary.
Reactive control relies on feedback information for controlling the level of congestion.
Both preventive and reactive mechanisms are applicable in different time scales as

shown in figure 2.3.
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2.5.1 Connection Admission Control

Due to the statistical nature of ATM traffic, the resource allocation scheme must be
related to the traffic parameters and the QoS negotiated between the user and the
network at the establishment of each connection. The user has to specify the traffic
characteristics of the connections and the required QoS. Once the user submits a
request, the decision to accept the connection is referred to as Connection Admission
Control. A more precise definition of CAC by the [ITU95]: “It is the set of actions
taken by the network at the call set-up phase (or during call negotiation phase) to
establish whether a Virtual Channel connection or a Virtual Path connection can be

admitted or rejected” .

The CAC has to make sure that enough resources are available to establish the
connection end-to-end, at the required QoS, maintaining these QoS requirements for
the connection duration. An accurate estimation of the cell loss probability enables us
to get a good estimation of the QoS provided by the ATM network and provides an
important parameter that can be used in the decision of accepting or rejecting a new

connection and hence, avoid long-term congestion in the network.

In CAC schemes using Effective Bandwidth (EB) method [GUER91] (some times
referred to as Linear CAC), if the sum of all the effective bandwidths of the sources

sharing the same link is less than the link capacity, the connection is accepted.

2.5.2 Traffic Policing

Once the connection (VP or VC) is accepted by the CAC, a contract is established

between the user and the network. It is then the job of the traffic policing function to
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detect violations of this contract and take suitable actions at the UNI interface. The
policing function should protect the network resources from malicious, as well as
unintentional misbehaviours that can effect the QoS of aready established
connections. In the case of violations of negotiated parameters possible actions may be
taken such as cell discarding, low priority cell marking, increased charging,
disconnection or re-negotiating options. Policing is defined at two locations. Usage
Parameter Control or UPC is traffic control at the User-Network Interface and

Network Parameter Control is traffic control at the Network-Network Interface.

2.5.3 Traffic Shaping

While UPC is intended for monitoring and policing traffic, traffic shaping is defined to
be a mechanism that aters the traffic characteristics of a stream of cells on a
connection to achieve better network efficiency or reduce the requirement for network
resources while maintaining the QoS. Traffic shaping can be applied to VCCs or
VPCs. Different objectives of shaping are possible: traffic flow smoothing, limitation

of cell rate to peak cell rate, reduction of burst size and reduction of CDV. [WINS98]

2.5.4 Priority Control

In order to make efficient use of ATM network resources, and to support multiple
classes of traffic, while satisfying their QoS requirements, such as delay time and loss
probability, priority traffic control mechanisms are required. A priority mechanism
must be able to achieve a very low loss probability, for those cells that require it, and
this leads to a significant improvement in the traffic load that can be admitted to the

network. The priority may be assigned based on the CLP bit in the ATM header,
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however, this will allow us to assign only two priority classes, high and low. Another
way of assigning priorities is based on classifying ATM traffic sources into multiple
traffic classes, and it is possible to use the VPI/VCI vaues in the header for this
purpose [PITT96]. Based on the complexity of the priority mechanism required, one

or both ways may be considered in the ATM switch.

Priority mechanisms include time priorities and space priorities. Space priority
controls the admission of a cell into the finite area of the buffer. Time priorities takes
into account that some services may tolerate longer delays than others, and hence deals
with the order in which cells leave the waiting area and enter the server for onward

transmission.

2.5.4.1 Space Priority

Two space priority schemes that have been proposed and studied for ATM buffers are
the push-out scheme and the partial buffer sharing scheme [PITT96]. In the push-out
scheme, a high priority cell replaces a low priority one once the buffer is full. A low
priority arriving to a full buffer is aways discarded. In the partial buffer sharing
scheme, athreshold is allocated. If the queue is below the alocated threshold, both low
and high priorities are accepted. On the other hand, if the queue is above the threshold
only high priority cells are accepted. The push-out scheme can be implemented above

the threshold but this will make the system more complex.

Push-out schemes give better utilisation of the buffer space however, when compared
with partial buffer sharing, the management and implementation overhead is higher. A

good survey on space priority can be found in [CHOUD94]
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2.5.4.2 Time Priority

No explicit support for time priorities exists in ATM, but the subject has been studied.
The simplest priority scheme is the Fixed priority scheme (sometimes referred to as
static priority scheme). The input buffer is divided into a number of queues, each
queue is alocated for a separate service classand priority is aways given to the higher
class buffer, i.e. this buffer class is always scheduled for service before the lower
priority classes. This method performs very well for high priorities but the delay
experienced by a low priority class might be very large if the load of the high priority
traffic is high. The Fixed priority scheme has an advantage over the other methods that

it does not add excessive complexity to the ATM switch architecture.

In the Fixed priority scheme the priority allocation does not change over time. In the
ATM environment dynamic priority schemes are more flexible because the priority
level changes with time taking into account evolving delay requirements in each class.
One of the dynamic time priority schemes proposed is the Head-of-Line with Priority
Jumps (HOL-PJ) [LIN88]. HOL-PJ scheme was proposed to avoid giving too much
priority to one class and cells of lower priorities have some chance to transmit even if
there is higher priority cells are in the queue. Cells are alowed to jump to higher
priority queues when they have spent a time greater than their required maximum
waiting time. Other dynamic time priority schemes are Delay Earliest Due [FERR90]

and Balancing Discipline [PING91].

Methods that take into consideration loss and delay requirements of each class have
also been proposed in the literature. Two well-known dynamic priority schemes are the

Minimum Laxity Threshold (MLT) and the Queue Length Threshold (QLT) [CHIP98].
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In the MLT scheme, every cell in the buffer is given a Laxity number, this Laxity
number is decreased every time slot. Priority is given to cells of the delay sensitive
class if there are any delay sensitive cells in the buffer (whose laxity is less than a
threshold), otherwise priority is given to a loss sensitive traffic cell. In the QLT
scheme, priority is given to loss sensitive cells while the queue length is above a given
threshold, otherwise priority is given to a delay sensitive cell. A scheme in between
deterministic bandwidth alocation and Fixed time priority schemes was introduced in
[KAWAZ97]. This scheme is called Quality Control Path (QCP). In this system a
deterministic bandwidth is alocated to each class, but Fixed priority scheme is
implemented when any of the classes is not using its bandwidth. The QCP scheme

achieved lower CTD for lower priority traffic.

Analytical cell loss estimation for a system with time priorities has been studied in
[PITT96]. The study presents an algorithm to calculate the steady state waiting time
probabilities of cells of any priority level in ATM queuing model. In this study an
M/D/1 system (i.e. Poisson source with one slotted server) is considered. Recently,
Schormans in [SCHO97] proposed a new method called the Equivalent Poisson Rate
method for calculating cell loss probabilities in a system with time priorities. This
method is based on expressing the bursty process as an equivalent Poisson process,
with a scaled buffer size. Finally, Elwalid and Mitra in [ELWA95] have produced a
study on the analysis, approximation and admission control of a multi-service

multiplexing system with time priorities.
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2.5.5 Reactive Control

As stated previoudy, preventive control attempts to prevent congestion by taking
appropriate prior action. However, to eliminate congestion and to guarantee QoS, it is
not enough to have preventive control and some reaction to the problem must be
carried out. When congestion is detected, reactive control causes the sources to reduce

their traffic flow or stop it completely.

A number of reactive congestion and flow control mechanisms are available in
literature. A survey on these schemes can be found in [JAIN96]. There is no clear
distinction between flow and congestion control. However, it can be realised that flow
control isimplemented at the UNI or between source and destination, while congestion
control is more concerned with congestion within the network. To distinguish between
flow and congestion control, the following statement was quoted from [ONVU94]:
“Flow control is concerned with the regulation of the rate the sender transmits packets
in order to control the rate at which the destination station receives data, so that it is
not overwhelmed ....Flow control between the source and destination does not help
much towards reducing the possibility of congestion occurring within the
network.......To minimise the effect of congestion, each node in the network can
regulate the traffic flow on its input links by forcing them to slow down (or stop) their
transmission as the possibility of congestion increase, for example, when the number

of packets at its buffer reaches some threshold level”.

There are two ways of congestion notification in ATM network. The first one is the
Explicit Forward Congestion Indication (EFCI). This method is actually based on an

end-to-end control loop and the intermediate switches have only a passive role in the

43



feedback process. When the queue length of the trunk at a given node exceeds a
predefined threshold value, it is thought that congestion happens at that node and the
EFCI bit in the ATM cdll is set. The EFCI bit is reset when the queue falls below the
predefined threshold. This approach presents obvious drawbacks. First, the scheme
failsif the end node is malfunctioning. Moreover, switches are required to buffer cells
until the congestion information reaches the source station. The use of the EFCI
scheme by the end system is optional for CBR, rt-VBR and nrt-VBR and UBR services
[ATMF95]. In the Explicit Backward Congestion Indication (EBCI), it is possible for
the network element to inform the source directly, but to do this the network element

needs to generate a special cell to carry messages to the source.

Various switch mechanisms can be classified broadly depending on the congestion
monitoring criteria and the feedback mechanism employed. Two leading mechanisms
are called credit-based flow control and rat-based flow control [JAIN96]. The credit-
based scheme requires hop-by-hop flow control and a separate buffer for each VC. The
receiver node monitors the queue length and determines the number of cells to be sent
by the transmitter node. The rate-based mechanisms are based on end-to-end control
and do not require per-VC queuing. A fair share of the bandwidth for the VC is
computed, the load is determined by monitoring the queue length or the queue growth,
and finally, the explicit rate is computed. More details of the credit-based and rate-

based schemes can be found in [JAIN96].

Reactive control was standardised for ABR traffic in [ATMF95]. ATM forum states:
“A flow control mechanism is specified which supports several types of feedback to

control the source rate in response to changing ATM layer transfer characteristics.



This feedback is conveyed to the source through specific control cells called Resource

Management Cells, or RM-cells’ .

From the ATM switch design point of view, the ATM forum has provided the
manufacturers the freedom to adapt the congestion control scheme for different system
applications. In fact, a number of congestion control schemes have been proposed
since the congestion control framework was specified. Examples of these schemes are
the Binary feedback, the Enhanced Proportional Rate Control Algorithm (EPRCA) and
the Explicit Rate Indication for Congestion Avoidance (ERICA) which have been

discussed thoroughly in the ATM Forum [ATMF95].

One type of the Binary feedback scheme is the EFCI scheme described above. In the
Binary scheme, sources are required to decrease or increase their rate based on the
EFCI bit status. The switch sets the EFCI bit to “1” if the queue length is above a
certain predefined threshold. Explicit rate feedback schemes such as (EPRCA and
ERICA) are also considered as varieties of binary feedback control schemes. Their
RM cells contain control bits such as Congestion Indication bit, and No Increase bit. In
the EPRCA scheme, the setting of the Congestion Indication bit forces the sources to

decrease their rate as given by equation 2.3.

ACRhew = ACRyd — (ACRyg * RDF) (2.3)

Where ACR is the Allowed Cell Rate and it is the rate at which an ABR source is

allowed to send at the current instance, and RDF is the ReDuction Factor.

If the switches are allowed to increase their rate, they change their rate by an amount of

Allowed Increase Rate (AIR) as shown in equation 2.4,
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ACRuew = ACRyq + (ACRyq * AIR) (2.4)

The increased rate can reach the Explicit Rate (ER) value set in the RM cell but it
never exceeds the peak cell rate. The ER value is set by the switch and represents the

fair share alocated to the source out of the total link bandwidth available.

2.6 Summary

In this chapter, the QoS requirements and the parameters used to describe ATM traffic
have been discussed. This chapter also discussed some of the ATM traffic control
functions that are important in avoiding congestion and efficient use of network
resources. Traffic management functions have been classified into preventive and
reactive types. The open loop preventive control aims to guarantee the required QoS
for users by providing the source with the bandwidth required and then insuring that
the traffic rates of accepted connections do not violate the values agreed by the
network. The problem with thisisthat it is normally difficult for users to describe their
traffic characteristics. On the other hand, reactive congestion control with closed loop
feedback seeks to reduce cell loss by controlling flow rates of appropriate sources
which can tolerate longer delay and have local buffer capacity available. A number of
traffic control schemes have been proposed in the ATM forum [ATMF95] to control

ABR best effort traffic.

A number of researchers have addressed the use of NN and fuzzy logic systems in
ATM traffic control. The value of NN lay in their capabilities of learning and
approximating a wide range of relationships where analytical models fail. On the other

hand fuzzy logic has been applied to problems that are difficult to tackle
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mathematically, or to improve the performance of existing systems. The next chapter
provides a survey on previous NN and fuzzy systems applications in ATM traffic

control and discusses their advantages and limitations.
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Chapter 3

Applications of Neural and Fuzzy Control
In ATM Networks

3.1 Introduction

The complexity of modern communication systems has forced researchers to seek
novel and powerful solutions using machine intelligence to meet the challenges of

tomorrow’ s systems [NWAN96].

The complexity in ATM networks comes from the VBR nature of the traffic and the
different traffic classes specified with different QoS requirements. A major
shortcoming of the queuing models is that only steady-state results are tractable. In
order to improve the network performance, control methods that dynamically adapt to
changing traffic and network conditions are required. Computationa intelligence
techniques such as Fuzzy Logic and NN have been widely implemented in traffic

control functions and resource management in ATM network.

In this chapter, introductions to NNs and Fuzzy Logic are given in section 3.2 and 3.3
respectively. A survey on the applications of NN and Fuzzy Logic in ATM is carried

in sections 3.4 and 3.5 respectively.

3.2 Neural Networ ks Fundamentals

Neural computing is the study of artificial neural networks that mimic the biological

nervous system to perform information processing. A model of the human neuron is
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organised into networks similar to those found in the brain. These NNs are highly
simplified models of the human nervous system, but despite the simplification in
structure over their biological counterpart, they still exhibit abilities such as learning,
generalisation, and abstraction. These characteristics make NNs good candidates for

building intelligent systems.

A NN is generaly a multiple-input multiple-output non-linear mapping circuit, which

can learn an unknown non-linear input-output relation from a set of examples.

“Consider a function F(X) = 2x3 + 3x2 - 4x + 5. In many practical situations, the
functional relationship between the independent variables and the objective function is
unknown and in a practical sense unknowable. Such a problem can be solved using

Artificial Neural Networks technique” [WASS89].

Various VLSI-NN (Very Large Scale Integration Neural Networks), or neuro-chips,
have been proposed to quickly perform the calculations required in hardware, but
software emulated NNs are still more popular. This is because the performance of
general purpose processors, or digital signal processors, is improving constantly and

hence the new architecture algorithms for NN’ s can be easily installed.

Figure 3.1 shows a single artificial neuron that is the fundamental building block for
all neural networks. On the left, a set of inputs labeled x; , X2 , ... X, are applied
through a set of associated weights wy ,\Ws , ... W, to the summer. Inputs correspond to
stimulation levels and weights to a biological neuron's synaptic strengths. The

weighted sum of the inputsis the neuron’s output, expressed as shown in equation 3.1.

NET = x, Ow, + X, Ow, +....+ X, 0w, +threshold (3.1)
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Figure 3.1 Artificial Neuron with Activation Function.

The sgquashing function denoted by F compresses the range of NET, so that OUT never
exceeds some limits regardless of the value of NET. There are severa squashing

functions that can be used such as;

. Sigmoidal Logistic Function:

OUT =1/ (1 + exp(- NET)) (3.2
. Hyperbolic Tangent Function:

OUT = tanh(NET) (3.3)

A number of NN types are available, such as the Multi-Layer-Perceptron (MLP),
Radial Basis Function network, Kohonen's Self-Organising Map, Reinforcment
learning neural net; more details can be found in [MARS96, TARA98]. The Feed-
Forward NN (FFNN) with MLP architecture shown in figure 3.2, has become very
popular because of its ability to generalise well, i.e. when trained on arelatively sparse
set of data points, they will often provide the right output for an input not in the
training set. A good guide on the design and development of FFNN with MLP

architecture can be found in [SWIN96].
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Figure 3.2 Feed-Forward Neural Network.

One of the most important features of NNs is the ease with which they learn. But in
order for the NN to learn, they have to be trained. Training is the process by which one
finds proper weights for al inter-connections such that a desired output is generated
for a corresponding input. The network then constructs an internal model of the
unknown system. If the training set is large enough, the network converges to an
accurate model of the system. If the network is presented with an input vector different
from any vector applied during training, a perfectly trained network will produce the

same output vector as the actual system would.

Training algorithms are categorised as supervised and unsupervised. In supervised
training the network is presented with target answers for each input pattern, while in
unsupervised training the network adjusts the weights in response to input patterns
without the benefit of target answers, where the network classifies the input patterns

into similar categories.

Supervised training uses several algorithms, such as Back-Propagation (BP)

[RUMESG6], Genetic Algorithm [MONT89] and Simulated Annealing [WELS94].

Choosing the training algorithm is a trade-off between fast learning and complexity. In
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ATM traffic control, such as CAC and congestion control, and due to the high-speed

nature of ATM traffic, afast adaptive method is required.

BP agorithm is the most widely used of the NN paradigms and has been applied
successfully in applications studies in a broad range of areas (e.g. speech recognition).
It can attack any problem that requires pattern-mapping [DAYH90]. Given an input
pattern the network produces an associated output pattern. If the network gives the
wrong answer, then the difference (error) between the output of the network and the
desired output, is propagated backward level-by-level. Finally the weights are changed
in such away so as to modify them in proportion to their responsibility for the output

error [RUMES86]. A more detailed description of this method is given in appendix A.2.

The BP learning algorithm can be implemented on-line or off-line. In off-line training,
the NN is trained on a finite sequence of, for example, ATM video traffic. The NN is
trained on the same sequence for a number (N) of iterations caled “Epochs’. The
training is stopped after the error reduces to a certain value, and the weights are frozen
and the system is used for prediction on the rest of the available sequence. The
advantage of this method is that it is faster than the on-line approach, which makes it
applicable for real-time prediction. The drawback is that the method assumes a fixed

distribution signal (i.e. signal characteristics do not change with time).

In on-line learning, the training data is aways changing (no finite sequence).
Whenever a new data sample (e.g. video frame) is available to the network, the
training set is shifted to include the new sample and the old frame is discarded. The
weights are kept fixed and a new training session of N epochs starts. Because of on-

line implementation, the number of epochs and the data are kept small. This approach
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has the advantage of being adaptive to changes in traffic characteristics with time. The
disadvantage of this training approach is that it is known to be computationally

expensive, especidly if alarge number of epochs and large training sets are required.

Learning can also be classified into two types depending on the way the weights of the
NN are modified. The first is called batch learning, in this type the weight updates are
averaged over al training patterns. With sequential learning sometimes called pattern
learning the weights are updated after the presentation of each pattern in the training
set. Tarassenko in [TARA98, page 91] states “although this is a stochastic learning
procedure with no guarantee of convergence (except in restricted conditions — see
Bishop, 1995), in practice sequential learning is almost always used in preference to

batch learning”.

Learning is one feature of the NNs, other features that make them the preferred choice

in many applications compared to conventional schemes are:

» Adaptivity is an implicit property of NNs. NNs do not need detailed descriptions
and mathematical understanding about the underlying network to be controlled,
they can adapt by learning from observation or example during the course of
network operations.

* Parallelism of the hardware implementation of NNs allows them to model complex
relations and perform complex tasks at speeds in excess of other algorithms.

e Generdlisation in learning enables NNs to learn from incompl ete data.

* Robustness and fault tolerance are inherent properties of NNs due to the nature of

distributed processing.
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Non-linearity: many processing techniques are based on the theory of linear
systems. NNs can generate non-linear mappings and hence have an advantage

when dealing with complex, real-world problems [TARA98].

On the other hand NN have some problems mostly associated with their learning

algorithm:

Slow training: Training is slow, with n neurons in each two adjacent layers, n?
weights must be trained. Furthermore, the error must be propagated back through
all of these weights.

Local minima: It is possible for the training algorithm to become trapped in a
local error minimum, thereby converging to an unacceptable solution. Since the
solution depends upon the starting point, nothing remains but to train again with
different initial conditions for the weights.

Temporal instability: When the training set is a continuously changing
environment, the network tends to "forget" a previously learned pattern, and hence
the network does not learn.

Scaling problem: BP learning agorithm works well on simple training problems,
however, as the problem complexity increases (due to the increase in dimensions
and/or greater complexity of the data), the performance of the BP learning

algorithm falsrapidly.

Over-fitting: Sometimes referred to as “over-training” it happens when the
network learns the training data very well in a way that prevents it from learning
new data. This problem can be overcome by using one of the techniques reported
in [SMIT93]:

1 - Increasing the training file size to the extent that it will compensate for the

level of noise in the data. This will prevent the NN from being an averaging
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network. However, increasing the training file might make the target function
more complex or increase the noise levels.

2 — Limit the network’s power in three main ways: a. Limit the number of hidden
nodes, b. Discourage the network from using large weights, c. Limit the number
of epochs when training. However, Smith in [SMIT93] states “ Although all three
of these approaches work well in theory, limiting training is the preferable method

because it takes substantially less computation than the other approaches”.

3.3 Fuzzy L ogic Fundamentals

Fuzzy logic systems represent the knowledge of the relation between inputs and
outputs, for a specific problem area, without a mathematical model of how outputs
functionally depend on inputs. Therefore, fuzzy logic systems are model free
estimators. They are unique in that they are able to simultaneously handle numerical
data and linguistic knowledge. This feature is used to build up a formal, quantitative
framework that captures the vagueness of human knowledge as it is expressed via

natural languages [KOSK92].

There are two main motives behind using fuzzy logic. First, when the definition of the
problem is vague and uncertain, the information available does not lend itself readily
to precise mathematical reasoning as in a rule-based systems. Secondly, for a class of
applications that are well defined but the solution is not, the tolerance for imprecision

can be exploited to ssimplify the solution.

As shown in figure 3.3, the fuzzy logic system contains four main components: rules,

fuzzifier, inference engine, and defuzzifier.
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Figure 3.3 Fuzzy Logic System.

3.3.1 Fuzzy Setsand M embership Functions

An ordinary set divides the universe into those items that are completely in the set and
those items that are completely outside the set. The value “1” is assigned to all those
items that are members of the set and the value “0” to those outside the set. Fuzzy sets
allow the possibility of degrees of memberships. That is, any of the values between
“0” and “1” may be assigned. The function that assigns this value is called the

member ship function associated with the fuzzy set.

The most commonly used shapes for membership functions are Triangular,
Trapezoidal, Piecewise Linear and Gaussian. Membership functions can be chosen
arbitrarily, based on user’s experience or using optimisation techniques such as the

neuro-fuzzy scheme [JANG95, MEND95].

3.3.2 Fuzzification

The fuzzifier maps the input value for a specific fuzzy variable into the variable's

fuzzy set, e.g. in figure 3.4, mapping input value X, of input variable A, into the fuzzy
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set A;. The fuzzifiers are needed in order to activate the rules that are expressed in

term of linguistic variables and have fuzzy sets associated with them.

3.3.3 Fuzzy Rules

Fuzzy rules combine two or more input fuzzy sets. Rules may be provided by experts
or can be found by system identification techniques. In either case, engineering rules
can be expressed as a collection of “IF(premise)-THEN(consequence)” statements,

assuming the form:
If XisA YisBthenZisC

Where A, B and C are values defined linguistically by fuzzy sets X, Y and Z
respectively. Often “XisA”, “Y isB” iscalled the antecedent or premise while“Z is
C” is caled the consequence or conclusion. An example of a fuzzy “if-then rule” can
be found in our daily linguistic expressions, such as the following: If road is slippery

and weather is raining then reduce speed.

3.3.4 Inference Engine

The inference engine maps fuzzy sets into fuzzy sets. It handles the way which rules
are combined. Several kinds of inference rules have been defined so far [MEND95].
The most commonly used are the max-min inference, the min-max inference and the
sum-product inference. Figure 3.4 illustrates a simple fuzzy inference mechanism

using the max-min inference.
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Rulel: IF XisA;and YisB; THEN ZisC;
Rule2: IF XisA,and YisB, THEN ZisC,

Figure 3.4 Fuzzy Inference using the Max-Min Method (modified from [Y AGE91]).

3.3.5 Defuzzification

The defuzzification refers to the way a crisp value is extracted from a fuzzy set as a
representative value. The most frequently used defuzzification strategy is the Centroid
of Area (CoA) where the defuzzified output is taken to be the centre of area of the
output membership function [JANG95]. For more details on other defuzzification
strategies such as bisector of area, mean of maximum and largest of maximum can be

found in references [JANG95, MEND95].

3.4 Hybrid Schemes

One of the drawbacks of NNs is that they are known for being a “black box”. Thisis
because NNs capture “hidden” relations between inputs and outputs with a highly
accurate approximation, but no definitive answer is offered for the question of how

they work.
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On the other hand, fuzzy logic is considered a “gray box”. If there is some knowledge
about the solution in the form of linguistic I1f-Then rules, then by defining suitable
fuzzy sets to represent linguistic terms used within the rules, the fuzzy system can be
created from these rules. An expert defines the rules and membership functions and
the optimum rules and the membership functions can be found by trial and error.
However, the trial and error method might be unsatisfactory. Table 3.1 shows the

major advantages and disadvantages of NNs and fuzzy logic.

To avoid the trial and error method, that can be ineffective and unsatisfactory, NN and
Genetic Algorithms can be combined with fuzzy logic in hybrid systems such as
Neuro-Fuzzy and Fuzzy-Genetic systems. Such combinations are able to “learn”
linguistics rules and/or membership functions, or to optimise existing ones. More

details of these schemes can be found in [JANG95, WEL S94, NAUC97].

Neura Networks Fuzzy logic systems
Advantages

* No mathematical process * No mathematical process model
model required required

* No rule-based knowledge e Prior (rule-based) knowledge
required can be used.

» Different learning algorithms | «  Simple interpretation and
available implementation

Disadvantages

» Black box * Rulesmust be available

* Rules can not be extracted » Cannot learn

* Determine heuristic * No formal method for tuning
parameters

Table 3.1 Advantages and Disadvantages of Neural Network and Fuzzy Systems.
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3.5 Neural Network Control

3.5.1 NN-Based Traffic Prediction

NNs are one of the best candidates for use in ATM traffic prediction because of its
adaptive learning capabilities. NNs can capture the unknown relationship between the
past and the future values of the traffic. In other words, the NN learns the stochastic

properties of the traffic.

NN traffic predictors were implemented in a number of traffic management areas in
ATM networks. One of the first papers that addressed NN prediction of ATM traffic
was [TARR93]. A 5-5-1 FFNN was trained off-line using the BP learning algorithm to
capture the relation between the measured cell arrivals in the time period T(n-4), T(n-
3), T(n-2), T(n-1), T(n), and the cell arrivals in the coming time period T(n+1). The
NN predictor was used to predict the cell arrivals for a single and a multiplex of AR
video models and On-Off voice models. T was taken to be equal to one frame time for
video traffic sources and 10ms for multimedia traffic sources. The work concluded
that NNs can be trained to learn the Power Density Function (PDF) of the cell arriva
pattern and hence it can function as an adaptive predictor. The work was devel oped

later in [TARR94] to use the NN traffic predictor in atraffic enforcement mechanism.

Another early work, [YU93], used 1-5-1 back-propagation FFNN, and trained it to
capture the linear and non-linear regularities in an AR video model and a chaotic time
series. A comparison between the results from the NN approach and the Box-Jenkins
Auto-Regressive Integrated Moving Average (ARIMA) approach was also provided.

The work concluded that the NN predictor performs better than the ARIMA predictor
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and that the three-layer back-propagation NN are by no means the only kind of NNs

that can be applied to time series forecasting.

Among others, temporal neural networks seem to be more suitable for exploring the
temporal relations. A temporal NN known as Finite Impulse Response (FIR) NN was
used in reference [FAN97b] where it was argued that the standard BP algorithm can
only learn an input-output mapping that is static and to capture the dynamic properties
of time-varying signals, the design of a multilayer perceptron has to be extended to

represent time. The FIRNN was used in [FAN973] to control the flow of ATM cells.

Lobegko in [LOBE97] has used Genetic Algorithms to find the optimal NN weights
for VBR traffic prediction. The work showed that Genetic Algorithms can speed up

the design of NNs.

Dropping
From %‘m )
Sourc
Tothe

Network.

_}Z Neural Network 2

—1 (on-line training)

Error
Neural Network 1 Signal
(off-line trained)

Figure 3.5 Traffic Enforcement System using Neural Networks.

NN as traffic predictors have been implemented in a number of ATM Traffic
management applications. A novel traffic enforcement mechanism using a NN has
been proposed by Taraff et al. in [TARR94]. As shown in figure 3.5, the idea is based
on two interconnected back-propagation NNs. The first NN is trained (off-line) to

capture the cell arrival rate PDF of the ideal “non-violating” traffic, whereas the other
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NN is trained to adaptively characterise and predict the traffic on-line. The output of
the two networks is compared and the difference is caled the error. This error is an
indication of the contractual parameter violation. This system has the advantage of
policing both the mean and the peak bit rates, and being adaptive can learn the PDF of
new traffic. It aso has a short reaction when compared with other conventional

methods [TARR94].

One of the main areas to which NN traffic prediction has been applied was dynamic
bandwidth allocation. Moh et al in [MOH95] argued that the use of simple traffic
characterisation to determine the statistical behaviour of the input traffic ignores most
of its important correlations and burstiness properties. The transmission bandwidth
requirement should be determined using on-line traffic measurement. A three layer
FFNN with BP learning algorithm was used to predict VBR traffic in the form of AR
video models and chaotic time series. It was found that the NN dynamic bandwidth
allocation scheme performs better than the simple static average scheme when

measured in terms of CLR, delay and utilisation.

A predictive dynamic bandwidth allocation scheme for efficient transport of real-time
MPEG video sequences was proposed in [CHON95]. Two prediction schemes were
compared, the first one was based on a Recursive Least Square (RLS) linear prediction
method from [HYKA91] and the other scheme takes the NN approach, more
specifically, a low-complexity high order architecture, called “Pi-Sigma Network
(PSN)”, was chosen for the construction of time-delay neural network [CHON95]. The
PSN-NN predictor was found to be superior to the RLS scheme in terms of both

prediction performance and computational complexity.
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Clerot et al. in [CLER98] have used NNs for live TCP (Transmission Control
Protocol) traffic prediction. It was argued that the NN can be used for resource
alocation for any QoS requirement and regardless of the traffic model used. Other NN
bandwidth alocation schemes can be found in [DROS96, KHAL96, YOUS97,

CHOUL97, AFEK 96].

3.5.2 NN-Based Admission Control

The first NN based Connection Admission Control (NNCAC) scheme was proposed
by Hiramatsu [HIRA90]. In this approach, NN was used as a CAC system. The offered
traffic characteristics, the QoS requirements and the actual network operation
performance measures were employed to decide whether to accept or rgect a
connection set up request. The results showed that the NN learned a complicated

boundary for a connection acceptance decision.

Tran-Gia and Groop in [GIA92] have proposed a traffic descriptor of number of
connection classes and number of connections in each class. The problem with this
method is that the NN has to be retrained when a new connection classisintroduced in
the CAC system. To overcome the problem Ogier et al. [OGIE96] proposed a new
input descriptor called Variance of Count (VOC), which is applicable to an unlimited
number of classes. This gives the user the flexibility of specifying arbitrary peak and
mean rates. The problem with this method is that the VOCs are calculated off-line

before being introduced to the CAC system.

Yousuf in [YOUS95] proposed a hierarchical NN approach that solved the problem of

learning huge numbers of patterns. Estrella et al. in  [ESTR94] have proposed a
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modification to the above methods. In this approach the problem was reduced by
splitting the admission boundary into six regions. This method uses a smaller training

table and the learning is independent of the observed data.

3.5.3 NN-Based Congestion Control

NN applications to ATM networks congestion control have been studied in the
literature [DOUG97]. Chen and Lidslie in [CHENX92] proposed one of the first
applications, an adaptive congestion control scheme. The scheme uses two NNs, the
first is used to predict the QoS parameter (cell loss or delay) and the second NN is
used to predict the traffic regulator value required to bring the QoS to the level
required. Liu and Douglaries had shown in [LIU95b] that NNs can be used to predict
the explicit reduction required to avoid loss in the ATM switch buffer. Fan and Mars
used the NN to predict the ATM traffic in [FAN974], and based on this prediction
early detection of the threshold violation is achieved. Tarraf et al. in [TARR95] used
reinforcement learning that maximises the system performance in terms of CLR and
voice/video quality. Further details of these traffic control schemes will be given in the

next chapter.

3.5.4 Other Applications

NNs have been applied in a number of other ATM applications such as routing
[COLL93], cell scheduling [SCHW94, KRAS96], modeling ATM traffic [CASI96],
effective bandwidth estimation [FAN964], traffic shaping [BROM96], QoS control

[CHOUL95] and policing MPEG video [MOH96].



3.6 Fuzzy Logic Control

3.6.1 Fuzzy L ogic-Based Admission Control

Cheng and Chang in [CHENG94] studied the application of fuzzy logic in CAC and
congestion control. Genetic algorithms were used to optimise the fuzzy rules set
initially using expert knowledge and experience from conventiona CAC and
congestion control schemes. Comparing the Fuzzy Logic CAC scheme (FLCAC) with
the Equivalent Bandwidth scheme proposed in [GUERO91] it was found that the fuzzy
controller improves utilisation by 11% while keeping the QoS contracts. The
performance of the fuzzy congestion controller also showed a 4% improvement in cell

loss probability.

Later in [CHENG96], Cheng and Chang proposed a Neuro-Fuzzy CAC (NFCAC)
system. Using the NFCAC scheme, the utilisation was improved by 10% when
compared with the FLCAC scheme proposed in [CHENG94]. Fontain and Smith
[FONT96b] aso tried a NFCAC scheme based on the ANFIS (Adaptive Network
Based Fuzzy Inference System) model proposed in [JANG93]. The ANFIS model was
trained on data obtained from the convolution scheme [FONT964]. On the other hand,
Ramalho [RAMA96] proposed a FLCAC scheme with parameters optimised by using
a Genetic Algorithm approach. The latest scheme was compared to the NFCAC used
in [FONT96b], where the NFCAC scheme proved to be better in predicting the cell

loss probabilities for heterogeneous ATM traffic.

Recently, Cheng and Chang [CHENG97] compared a NNCAC scheme with the
FLCAC scheme in [CHENG94]. The results showed that the NNCAC scheme

improved the utilisation when compared to the FLCAC scheme while maintaining the
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QoS. The results aso showed that the NNCAC scheme provides a lower cell loss
probability as well as giving a comparable utilisation performance when compared
with the NFCAC scheme proposed in [CHENG96]. From the above, it can be
concluded that the NNCAC scheme showed better performance than NFCAC scheme

which gave better results than the FLCAC scheme.

3.6.2 Fuzzy Logic Based Policing

In ATM networks, UPC is required to ensure that each source conforms to its
negotiated traffic parameters. Several policing schemes have been proposed in the

literature (e.g. the leaky bucket scheme [ONVU94, PITT96]).

Traditional policing mechanisms have proved to be insufficient in coping with the
conflicting requirements of ideal policing, that is. a low false alarm probability and
high responsiveness [CATA96]. This led researchers to look for alternative solutions

based on artificial intelligence techniques, specifically in the field of fuzzy logic.

Catania et al. in [CATA96] proposed a fuzzy policer to detect violations of negotiated
parameters. The fuzzy policer is a window based control mechanism in which the
maximum number of cells that can be accepted in the i-th window, of length T, is
dynamically updated by the fuzzy logic controller. Comparative studies showed that
the proposed fuzzy controller gives significantly improved system performance
compared with conventional approaches. The fuzzy policer analysed in [CATA96]
used On-Off sources representing voice, still images and interactive data. In

[ANDR96], the fuzzy policer was tested using MPEG traces. The results showed that
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when policing MPEG video traffic, the performance of the fuzzy policer is much

better than that of the conventional |eaky bucket policer.

3.6.3 Fuzzy-L ogic-Based Rate Control

Pitsillides et al. in [PITS95] has proposed a fuzzy logic backward congestion
notification scheme for ABR traffic control. The work was developed further in
[PITS97] and compared to the EPRCA scheme in the presence of high priority VBR
video and CBR traffic in both local area network and wide area network environments.
The work showed that the fuzzy controller scheme exhibits robust behaviour and
ensures a fair share of bandwidth for all virtua channels. When compared to the
EPRCA scheme, the fuzzy scheme offers faster transient response, leading to lower
end-to-end delay and better network utilisation. To calculate the explicit rate, the

gueue length and its growth rate were monitored and used as input variables.

Qui in [QUI97] proposed a predictive fuzzy logic congestion avoidance scheme, in
which the fuzzy inference is used to calculate the explicit rate. The fuzzy input
variables used were the queue length, the queue growth rate and the predicted queue
length. A fuzzy predictor was used to predict the queue length. The results show that
the proposed fuzzy predictor outperforms the conventional AR predictor and linear
controllers in queuing delay and CLR. An AR video model was used to test the

system.

TSAN et al. [TSAN98] proposed a fuzzy shaper to smooth MPEG video streams. Two

fuzzy controllers were used. The first tunes the output rate of the shaper based on the

number of transmission credits (i.e. service rate). The second fuzzy controller tunes the
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input rate by applying a closed loop feedback system. When either the shaper buffer
“threatens” to overflow, which would lead to image quality degradation, or the
transmission credits tend toward exhaustion, which would lead to long network access
delays, the quantisation parameter was changed to slow down the arrival rate to the
shaper. However, when the shaper buffer occupancy starts to decrease, which would
result in loss of transmission credits, the quantisation parameter was changed to make
the image quality better and hence, more traffic was able to be sent by the video

encoder.

Cheng and Chang in [CHENG94] designed a fuzzy traffic controller that
simultaneously managed connection admission control and congestion control. The
rule structure and parameters of the membership functions of the fuzzy traffic
controller were based on expert knowledge, and the analytical results of the
conventional threshold based scheme. The results showed that the fuzzy congestion
controller improved the cell loss probability by 4% when compared to the

conventional threshold scheme, and 15% when compared with the no-control scenario.

Kwok and McLeod in [KWOK96] proposed a Neuro-Fuzzy approach for congestion
control in an ATM switch. The input variables used were the normalised mean
interarrival time of 20 cells and the buffer length. It was argued by Kwok and McLeod
that the Neuro-Fuzzy controller improved the response of the switch to changes in the

traffic conditions.
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3.7 Summary

Despite the progress achieved by many techniques proposed in the literature to control
ATM traffic, several challenges remain. This is primarily due to the limitations of the
conventional agorithmic approaches that require accurate modeling and formulation
of the problem followed by queuing or smulation analysis. Some researchers
suggested the use of machine intelligence to solve complex problemsin ATM traffic

control.

An introduction to Neural Networks and Fuzzy Logic control and some of their
solutionsto ATM traffic control problems were given in this chapter. It was found that
NN and Fuzzy Logic control has been extensively implemented in studies of ATM
networks, and has proved to be efficient in most cases when compared with other

conventional systems based on stochastic modeling and queuing analysis approaches.

In section 3.5.3 of this chapter an overview was given of some of the NN congestion

and flow control schemes proposed in literature. In the next chapter, the differences

between these schemes are discussed in more details.
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Chapter 4

A Review of Neural Networks

Applications in Congestion Control

4.1 Introduction

A variety of congestion control strategies have been proposed in the literature,
nevertheless, the dynamical behaviour of the network in the presence of congestion,
and the proper way of handling traffic in order to obtain more reliable and predictable
performance, are not yet fully understood. The difficulty is mainly in the traffic pattern

and the time varying nature of the network conditions.

NN applications for congestion control have been widely studied in the literature. The
motivation behind using NNs as a congestion control scheme lay in the fact that most
feedback congestion control schemes depend on defining a certain threshold in the
buffer for congestion detection. However, to accurately define this threshold we must
consider the traffic characteristics, service rate, buffer size and QoS requirements, and
then apply computations. Because of the high fluctuation in the VBR traffic, in order
to achieve low CLR and use the resources optimally, this threshold has to be changed

dynamically.

As was shown in the previous chapter, NN and Fuzzy Logic control have been
recommended by many researchers as an aternative approach to the conventional

traffic control schemes for ATM networks. Their usefulness is in their learning and
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adaptive capabilities that can be used to construct adaptive control algorithms for QoS
guarantees and optimal use of resources. In this chapter some of the applications of

NNs in congestion and flow control are described.

This chapter is organised as follows: section 4.2 gives a detailed description of
previous NN schemes in flow and congestion control. Section 4.3 states some of the
limitations of these schemes and section 4.4 gives a comparison between two of the

NN schemesin flow control. Finally a summary is given in section 4.5.

4.2 Description of Previous NN Schemes

4.2.1 Access Flow Control using Binary Traffic Prediction NN (BTPNN)

In [FAN97a] an access flow control scheme was proposed using a three layer (1-5-1)
FIRNN predictor. In this scheme, shown in figure 4.1, simulation time was divided
into intervals of length T, the number of cell arrivals A(i) measured in the time period
T(i), was used to predict the number of ATM cells A(i+1) coming in following time

period T(i+1). The queue has a constant service rate and C represents the number of
cells served in the time period T. So the predicted queue length Q(i +1) at the end of
the time period T(i+1) is given by:

Q(i +2) = min[B,max[Q(i) + A(i +1) - C,0]] (4.1)

where B is the buffer sizein cells, Q(i) isthe measured queue length at the end of the
time period T(i) and A(i +1) isthe predicted number of arriving ATM cellsin thetime

period T(i+1). If the predicted queue length @(i +1) is higher than a given threshold

Qun, afeedback signal is sent to the sources to reduce their rate by afixed amount.
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This scheme is called Binary because the feedback signal is either “1” indicating
congestion state or “0” indicating a non-congestion state. It is also based on a NN
traffic predictor. For these reasons this scheme is referred to as the Binary-Traffic-
Prediction-NN (BTPNN) in the rest of this thesis. The BTPNN scheme was tested

using an AR Markov video model (explained in chapter 2.4.2.2).

Buffer

Error

\\\\ 'Source Regulator i
s‘<,AI gorithm |

A(i): accumulated cell arrival rate at the end of the time periods T(i).
A, the peak number of cell arrivalsin T used to normalise the NN input between 0-1.
S;..Sv: N sources multiplexed at the buffer.

Figure 4.1 Binary Traffic Prediction NN Flow Control Scheme.

4.2.2 Explicit NN Rate Regulators

Liu and Douligries proposed this NN scheme in [LIU95a], where a three layer (3-8-1)
FFNN was trained on 550 video frames from a single AR video model. As in the
BTPNN scheme, after training the NN, the input nodes receive the traffic pattern in the
past time periods to predict the number of ATM cells A(i+1) coming in time period
T(i+1). However, unlike the BTPNN, in this scheme, the number of cell arrivals A(i),

A(i-1), A(i-2) measured in the time periods T(i), T(i-1), T(i-2), was used to predict the
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number of ATM cells A(i+1) coming in the next time period T(i+1). Equation (4.2) is

then used to find the regulation parameter [ .

5 C+(B—Q(i))%

O =min(}, N (4.2
0O Ali+) O

The source is then regulated from its old rate SR to its new rate sr:

s =0*R (4.3)

Equation (4.2) states that if the number of cells that can be removed from the buffer in
alag time, plus the space left in the buffer, is bigger than the predicted number of cells
in the next lag time, then no feedback is necessary. Otherwise, the rate is regulated to a
percentage that makes the queue full but not overflowed. For this reason this schemeis
caled Explicit. This scheme, like the BTPNN scheme, is aso based on traffic
prediction. For these reasons this scheme is referred to as the Explicit Traffic

Prediction Neural Network (ETPNN) scheme.

The limitation of the ETPNN and the BTPNN schemes is that they were only tested on
an AR video model and not on real video sources. Furthermore, previous studies did
not take into account the propagation time from the buffer to the source and from the
source to the buffer. Liu and Douligeris in [LIU95b] and [LI1U97] used rea world
MPEG video traces;, however, the Explicit scheme was modified and a 3-8-1 NN
(shown in figure 4.2) was trained to predict [ (i + 2), defined in equation 4.4.

D(@i+2)

(4.4)

D(i+2) is the number of cells discarded in the time period T(i+2), and A(i+2) is the
number of cells arriving in the same time period. After the training stage, the NN

output [I(i +2) isthen fed back to regulate each source from its old rate SR to its new
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rate sr using the following equation:

s =[1-0( +2)]* SR (4.5)

~ Propagation Delay A

Buffer

) ©

#Cells_arrived _in_T(i+2)
#Cells_discarded _in_T(i +2)

a Network
Erro

Back-propagated

\\ \
\ \ —
\ \\\ .
@ WY A0
N 5 \\ \

NN [AG-nY/A,

NN | QB ,
| Dotted lines,
Dashed lines\\, r-----oo-o-oo during
during AN }Source Regul ator . Training phase
Execution (test) %;Algorithm ; only.
phase only. e :

A(i) and A(i-1): accumulated cell arrival ratein the time periods T(i) and T(i-1).
Q(i): Queue length at the end of T(i). B: total buffer size.
A, Peak number of cell arrivalsin T used to normalise the NN input between 0-1.

S;..Sv: N sources multiplexed at the buffer.

Figure 4.2, Explicit CLR based NN Feedback Congestion Controller.

The NN was trained to predict 2-cycle time periods ahead in order to include the
propagation time period from the buffer to the source (A) which was assumed to be

equal to the sampling time period T for simplicity.

Because the modified explicit scheme is based on a Neural Network trained off-line to

predict CLR, it is referred to as the Explicit CLR Prediction based Neura Network
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scheme (ECPNN). More details of the ECPNN scheme, and the training of the NN,

will be explained in the next chapter.

4.2.3 Adaptive NN Congestion Control Scheme using Two-NN Approach

One of the early applications of NNs in traffic control was by Chen et al. in
[CHENX92]. The advantage of using such a system according to [CHENX92] is. “As
external traffic arrivals are assumed to be independent of network state, the absence
of control on traffic load can lead to the severe violation of the given performance
bound. The objective of the QoS control is, therefore, to devise an adaptive controller
—in this case, a Neural Network placed at the entrance of the network- that will

maximise the input traffic to the network within the specified performance bound” .

The controller used in [CHENX92] regulated the traffic using the control variable
defining the portion of the offered traffic that can be admitted to the network. Two
NNs were used, the first NN, NN-1, is used as a network emulator and fed with the
history of previous measured QoS parameters (e.g. delay or CLR) and the previous
arrival rates. NN-1 is then trained to predict the future QoS parameter. The difference
between the predicted and the required QoS is used to tune the weights of the second
NN, NN-2, which has the same inputs as NN-1 and is used to predict the required
control variable. This scheme proved to be able to regul ate the traffic source to achieve
the required QoS. This scheme will be referred to as the Adaptive 2-NN scheme

(A2NN) in therest of thisthesis.
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4.2.4 Adaptive NN Congestion Control Scheme using Reinforcement

An adaptive rate-based feedback control algorithm using a reinforcement learning NN
was proposed by Fan and Mars in [FAN96b] and [FAN97b], and also by Tarraf et al.
in [TARR95]. Fan in [FAN97b] states “The performance measure used for a
supervised learning system is defined in terms of a set of targets (i.e. desired
responses) by means of a known criterion (e.g., mean square error). A supervised
learning system may therefore be viewed as an instructive feedback system.
Reinforcement learning is more general than supervised learning in that instead of
trying to determine target control signals from target environment response, one tries
to determine target control signals, or desired changes in the control signals, that

would lead to increase in a measure of the environment performance”.

The reinforcement learning NN provides an adaptive optimal control solution. This
was achieved via the formulation of a performance measure function (cost function)
that is used to adaptively tune the weights of the NN. The cost function was defined in
order to achieve the required QoS (e.g. CLR) and maximise the input traffic. In
[FAN97b] scheme shown in figure 4.3, the cost function J shown in equation 4.6 was

used.
I(P) = ia S(n+Dld(n+1) -d’ (n+1)]* + Blu(n) -1° (4.6)

where p is the sampling number within one trial, P is the trial number, a and 8 are
weight values of the contribution to the cost function made by the QoS value and the
arival rate respectivly. d(n+1) isthe expected QoS and d” (n +1) isthe required QoS.

S(n+1) is1if d(n+1) <d (n+1) and O otherwise. u(n) is the control signal
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which the cost function is trying to maximise in order to maximise the input rate to the

network A(n)asshown in equation 4.7,

A(n) =u(n) LA, (N) O<u(n)<1 4.7)

The above scheme (shown in figure 4.3) will be referred to as the Adaptive

Reinforcement NN (ARNN) schemein therest of thisthesis.

d(n+1) d*(n+1)
Ao(n) A(n)
—»{ X F———»
< Network
Cost
p»{ Function
v
u(n)
Neural Controller

N

Figure 4.3, Adaptive Reinforcement NN Controller from [FAN97D].

4.3 Limitation of A2NN and ARNN Schemes

One of the limitations of the A2NN and ARNN schemes described in 4.2.3 and 4.2.4,
is that only simple network models were considered (e.g. M/M/1, M/D/1) and a
sinusoidal signa was used to examine the controller. Hence the expected QoS,
d(n+1), in the cost function 4.6, was assumed to be known at time instance n in the
ARNN scheme and was predicted by a NN emulator in the A2NN scheme. The second
limitation was that high CLR (above 10E-2) was only considered. When considering
video sources, in order to receive good video quality low CLR (< 10E-4) must be
achieved [WINS98, ONVU94]. Both A2NN and ARNN depend on the measured CLR
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as input to the system. When considering low CLR, the A2NN and ARNN systems
may not be practical because of the need of large window in time before any cell loss
is measured and when it happens it would be to late to react. In other words, because
cell losses are rare events that are spread in time, it may not be practical to use them as

inputs to the NN.

On the other hand, the BPTNN and the ETPNN schemes, based on traffic prediction,
were tested using the AR video model, and achieved low CLR requirements. Although
the BTPNN and ETPNN schemes described above proved to be sufficient in
congestion and flow control they were never compared. The next section shows a

comparison between the BTPNN and ETPNN schemes.

4.4 Comparison between the BTPNN and ETPNN Flow Control

Schemes

In the BTPNN scheme, the NN predicts the number of ATM cell arrivals, which is
then used to detect the violation of the queue threshold. On the other hand, the ETPNN
scheme predicts the occurrence of the congestion as well as the cell loss rate expected
in the next sample period. Both BTPNN and ETPNN schemes use NN as a traffic
predictor, however, the BTPNN uses a FIRNN with temporal back-propagation
training algorithm while the ETPNN uses a FFNN with back-propagation training. In
[FAN97b] it was argued that, in order to capture dynamic properties of time-varying
signas, the design of the multilayer perceptron had to be extended to represent time.
On the other hand, in [YU93] it was argued that the complexity of implementing and
training these kind of neural networks is so great that it severely limits their

practicality.
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In order to make a fair comparison between the two schemes, the same type of NN for
traffic prediction is used in this chapter. The NN model adopted isa FFNN, with back-
propagation learning algorithm. The next sections describe the NN traffic predictor

used and explore the NN performance in traffic prediction.

4.4.1 Constructing ATM Traffic Neural Predictor

The input to the NN predictor is a one-dimensional array. This array can be used to
represent the number of packets arriving in a given period of time. The length of this
time period is going to be explained in section 4.4.2.1. During the training period, as
shown in figure 4.4, the input traffic vector A(i), A(i-1) ... A(i-p-1) is presented to the
network, where p is the predictor order. This array is the delayed value of the A(i),
where A(i) is the measured cell arrival rate in the sampling time period T. The NN then
tries to match the output data vector A(i+1), A(i+2)... A(i+M) with the input data
vector by adjusting the weights according to the back-propagation algorithm. After

training, the NN can provide an estimate of the traffic M steps in the future.

Traffic
Source

AG+M) |
AU+ |
A(l)

Neural
A(i-1) Network |

A(i-2)

A(i-3)

A(i-p-1)
Shift-registers

Predicted
Piraific

Figure 4.4 Neural Network Traffic Predictor.
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Choosing the leaning rate n and the momentum a effects the learning performance
and the leaning speed of the network. The learning rate and the momentum can be any
value from O to 1. If n is too small, learning becomes very slow, if n is too large
instability can result. In this thesis a number of learning rates were selected and it was
found that a learning rate of 0.05 gave the best results. The momentum was chosen to
be 0.2. For more details of the back-propagation algorithm and the use of n and a refer

to Appendix A.2

4.4.2 Preparingthe ATM Traffic Filefor Training.

4.4.2.1 Sampling Period

The number of inputs to the network given as p in figure 4.4 depends on the traffic
measurement period T,, and the sampling period T, where T,, = N*Tg. Tarraf et al.
in [TARR93] state: “The measurement period T,, and the sampling period T, have a
direct effect on the NN structure and complexity. The NN can characterise the traffic
over an arbitrary length measurement interval T,,. However, increasing T,, while
maintaining a small number of samples, within it, will give a poor prediction.
Because, in this case, the number of samples in the input traffic pattern (equal to M)
will not be sufficient to capture the fluctuation of the arrival process. On the other

hand, increasing T,, and decreasing T (i.e. increasing the number of samples) will

increase the training time and the complexity of the network” .

It was found in [TARR93] that 10ms sampling interval is sufficient to capture all
variations of the multimedia (voicetvideo) arrival process. It was aso found that

observing the video traffic at every 1/30 second (i.e. one video frame) will guarantee
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that the obtained sampled version of the video arrival process captures all correlation

contained in the actual video traffic.

4.4.2.2 Size of Training File

The size of the training set, or the number of samples that the NN should be trained on
so that it can generalize, is not known in advance. However, the training file should be
large enough and contain enough information for the network to generalize. The more
complex the source characteristics (e.g. very bursty sources that contain large

fluctuation in traffic), the larger the training set and training time required.

Moh and Chen in [MOH95] have used 200 frames to train the NN and another 200 for
testing. In this chapter, 600 video frames were generated using the AR video model

described in section 2.4.2.2.

4.4.3 Prediction Results

The performance of the NN predictor was tested using different architectures (1-5-1,
1-10-1, 3-8-1, and 5-5-1). The performance of the NN predictor was evaluated using
cross-validation with a training set of 300 video frames and a testing set of 300 video
frames. The auto-correlation, Mean Square Error (MSE) and traffic plots are used as
predictor performance measures. The MSE is the mean of the sum of the squared
prediction errors in the training set. The lag time was set to 1/30 seconds, which is the

frame generation rate. Table 4.1 shows the M SE of the different architectures.
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NN-Architecture 1-5-1 1-10-1 5-5-1 3-8-1
Training Set 0.022128 0.021737 | 0.023282 0.02233
Testing Set. 0.023602 | 0.023232 | 0.026510 | 0.02507
Stopped at Epoch # 176 207 193 297

Table 4.1 MSE of different NN architectures.

The results show that increasing the number of neuronsin the hidden layer or the input
layer does not have a significant improvement on the predictor performance. When
using the 1-5-1 NN architecture, training was stopped after 176 iterations as the testing
set M SE stopped decreasing. The M SE measured was 0.022128 for the training set and

0.023602 for the test set.

Graph 4.1 shows the neural network prediction compared to the actual traffic. The
auto-correlation function of the predicted and the actual traffic are shown in graph 4.2,
illustrating that the predicted traffic has almost the same statistical characteristics as

those of the actual traffic.

The NN predictor was also tested on a multiplex of 30 On-Off voice source. The
predicted and original voice traffic is shown in graph 4.3. The auto-correlation
functions of the original and predicted traffic are also shown in graph 4.4. Although
graphs 4.3 and 4.4 show that the NN prediction schemes can be used for predicting
voice sources, voice sources were not used in testing the flow control schemes, in the
next section. This is because voice sources have low bit rates when compared with
video sources and their effect on cell loss is insignificant when multiplexed with

video.
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4.4.4 Schemes Comparison Results

Although the ETPNN scheme was implemented in [L1U95a] using a FFNN with 3-8-1
architecture while the BTPNN scheme in [FAN97a] used a FIRNN with 1-5-1
architecture, in order to make a fair comparison between the ETPNN and BTPNN
schemes a 1-5-1 FFNN was used for both schemes. The NN schemes are compared
with a version of the Conventional Binary (CB) scheme used to test the BTPNN
described in [FAN97b]. In the binary scheme, when the queue reaches 50% of the total
buffer size, the sources are reduced to 75% of their transmission rate. The NN schemes
and the CB scheme were also compared to the No-Feedback scenario where no source

regulation was considered.

4.4.4.1 Source model and Performance Metrics

Asin [LIU95a], a data set of 5¢10° cells of AR video traffic (described in 2.4.2.2) was
generated to test the different schemes. The performance metrics used to compare the
different controllers are CLR and transmission delay. In this chapter, the CLR is
defined as the total number of cells discarded (Cy) at the controlled buffer divided by
the total number of cells generated (Cy) at the source. To measure delay, it was
assumed that the time to complete the transmission without feedback control is TDy
seconds, and the time to complete the transmission with feedback control is TDy

second. Delay is then defined as:

TD, -TD,)

Delay =100% (4.6)

k

Because delay was measured with relevance to the No-Feedback scenario, there is no
delay curve in the comparison graphs for the No-Feedback scenario. Equation 4.6 was

also used in [LIU95c] as adelay performance metric.
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4.4.4.2 Scaling

The inputs of the NN were normalised between 0-1. When one source is considered
the normalisation is easier because the cell arrival can be divide by the peak arrival
rate A,. However, when considering the multiple source case, the normalisation is not
direct. When N multiple sources are aggregated in the execution phase, assuming that
the peak arrival rate is N*A, would cause (because of the multiplexing gain) an
underestimate of the traffic coming to the NN controller, and the feedback signal
would be smaller. To overcome the problem Liu et al. in [LIU95b] used the equivalent
bandwidth method proposed in [GUER91] to estimate the effective peak (Ay') when

traffic is aggregated. Equation 4.7 shows how to calculate Ay’

A'=M +ao (4-7)
Y P

Where M, is the mean aggregate bit rate of all sources and o is the standard deviation

of the aggregate bit rate. a :\/—2In(£)—ln(2n) , Where ¢ is the desired buffer

overflow probability and it is assumed to be equal 107.

Liu et al. in [LIU95a] found that prediction schemes aways underestimate the high
pulses in the quantity of ATM traffic. It was argued in [L1U953a] that these high pulses
cause most cell losses, therefore accurate estimation is crucia if prediction techniques
are to be used for ATM traffic flow control. In order to overcome the problem, the
predicted traffic was multiplied by a factor of 1.5. This factor forces comparison
between the NN schemes and the CB scheme. More details of the choice of this factor

will be discussed in the next chapter.
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4.4.4.3 Test 1. Single Source Scenario

The results of a single AR video source feeding a buffer with a service rate of 15630
cell/second is shown in graph 4.5 and 4.6. The service rate was chosen to represent a
congested buffer with a CLR in the region of 10E-2 and aso to allow comparison
between the different scheme. It can be seen from figure 4.5 and 4.6 that the ETPNN
gives alower CLR and delay when compared to the CB scheme. Although the BTPNN
scheme gives lower CLR when compared to the CB scheme, graph 4.6 shows that the
BTPNN scheme has a higher delay than the other schemes. This might be due to the
use of adifferent type of NN (FFNN used in this chapter, whereas FIRNN was used in

[FAN97a)]) or because the delay was not used as a performance measure in [FAN973)].
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Graph 4.5, CLR Comparison, 1 AR Source, Service Rate 15630 cells/sec.
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Graph 4.6, Delay Comparison, 1 AR Source, Service Rate 15630 cells/sec.

4.4.4.4 Test2, Multiple Sources Scenario

Graphs 4.7 and 4.8 show the result of a multiplex of three AR video sources feeding a
buffer with a service rate of 39060 cell/second. Graphs 4.7 and 4.8 show that the
ETPNN scheme gives a 5 to 10 times improvement in CLR and a 0.5 to 0.8
improvement in the delay when compared to the CB schemes. The graphs also show
that the BTPNN scheme gives lower CLR when compared to the CB scheme however,
the delay is higher when compared with the other schemes. Although in [FAN97a] the
BTPNN performance was said to be better than the CB scheme, delay was not used as

a performance measure.
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4.5 Summary

This chapter discussed some of the previous schemes used for congestion and flow
control of ATM traffic. Although the congestion and flow control is classified as a
reactive control it was found that NN systems using reinforcement learning have a
target (e.g. CLR) to be achieved which makes them classified as preventive. Since
video requires low CLR it is very difficult to provide such systems (on-line) with

enough data for the NN to converge.

On the other hand, the ETPNN and BTPNN schemes were based on traffic prediction
and this makes them more appropriate for video traffic control. The BTPNN, ETPNN
and CB flow control schemes were compared in this chapter, and it was clear that the
ETPNN scheme out-performs the other schemes in CLR and delay. The BTPNN
scheme gave a lower CLR when compared to the CB scheme, but the delay was
higher. The reasons might be due to the fact that the BTPNN in [FAN97a] was using
the FIRNN while the FFNN was used in this thesis. Another reason might be because
in [FAN97a], delay was not used as a performance measure. Delay, as a performance
measure is important because it is clear that the BTPNN approach of detecting the
violation of the threshold will cause an early signal of congestion to the source.
However, this could have been achieved in the CB scheme by making the threshold

lower and hence lower CLR could have been achieved.

One of the major problems of NN schemes is that the input of the NN has to be
normalised between 0-1. This would require the traffic characteristics such as peak cell
rate in a single source case to be known in advance. Because the NN was trained off-

line, the problem becomes worse when multiple sources are considered. The reason is
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that after the NN is trained, in the execution phase the inputs have to fall within the
knowledge of the NN. The scaling function finds the aggregate peak rate, using the
peak, mean and standard deviation of each single connection. If the scaling function
failsto find the aggregate arrival rate, then the NN will fail to give the correct response
to reduce congestion. This problem raises the requirement of a prediction technique
that does not require the pre-knowledge of the traffic characteristics and does not need
input scaling. The solution is in the linear prediction approach proposed in the next

chapter.
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