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Abstract

The focus of this thesis is the suppression of echoes within speech transmission
telecommunication networks via the LMS adaptive FIR echo canceller. Poor pe-
formance of this technique has been reported, particularly when the required FIR tap
length is large and the input signal is highly autocorrelated speech. The first aim of
this thesis is to quantify the weaknesses of the LMS adaptive FIR filter, particularly
the weaknesses relevant to echo cancellation. The second aim is to develop techniques

which reduce the effects of these weaknesses and, consequently, enhance performance.

We begin with a brief review of alternatives to the LMS/FIR based echo canceller,
* which emphasizes that such alternatives are, in many ways, inferior. We then carry
out a rigorous dynamical analysis of the LMS adaptive FIR filter connected in parallel
with an unknown channel. We consider the case in which the adaptation stepsize u is
‘small’. The analyses focus on quantifying the adverse effects on transient performance
of the autocorrelation level of the input signal and the filter parameter dimension (FIR
tap length). The analytical results indicate conclusively that transient performance
deteriorates with increasing filter dimension and input autocorrelation. A review
of asymptotic analyses indicates that asymptotic performance also deteriorates with

increasing filter dimension.

Dynamical analyses are then conducted on a system more representative of an echo
cancellation network - a closed loop with an adaptive filter/unknown channel pair
at each end and driven by signals entering from within the unknown channels. The
analytical results indicate that the (transient and asymptotic) performance generally
deteriorates with increasing filter dimension, while it is improved by either whitening
the driving signals or whitening the input signal to each adaptive filter/unknown
channel.

Motivated by the analytical results, we examine two types of signal conditioning meth-

ods. One involves using digital scramblers to whiten the subscriber signals (driving

iv



signals) of the telecommunication network. The other assumes an autoregessive (AR)
model of the input signals (typically used for speech) and whitens the input signals
by filtering with AR estimates. To avoid distortion of received signals, indirect AR

filtering methods are explored.

Finally, in a bid to tackle the adverse effect of dimension, we develop a low com-
putational on-line technique which enables the detection of the nonzero or ‘active’
taps of an FIR modelled unknown channel. Based on this technique, a modified LMS
adaptive FIR algorithm is proposed, which essentially estimates only the ‘active’ taps
of the unknown channel. Such an ‘active’ tap detection-LMS estimation algorithm is
particularly useful for echo cancellation since the (time-domain) impulse response of

an echo path typically shows zero or ‘inactive’ regions.
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Chapter 1

Introduction

An echo, in any context, is a delayed and perhaps distorted version of a previously
transmitted signal. In telecommunication systems, the occurrence of echoes tends to
reduce quality of transmission. In data transmission, echoes of sufficient magnitude
result in an increase in error rates and may lead to retransmission being required.
In speech transmission, the perceived quality reduction depends on the echo delay as
well as the magnitude (and spectral distortion) [1]. In particular, if the echo delay is
sufficiently short ( = 10ms) then the echo is not noticeable and for this reason echo
problems in speech transmission, in the past, were only encountered in international
calls [1], particularly with satellite systems. The introduction and growing use of
digital processing in speech transmission, however, has lead to the occurrence of
delays in national networks comparable with those of international networks [2]. The
occurrence of echoes with the potential to disrupt telephone conversations, and the

need for echo suppression techniques has consequently grown considerably.

The need for the development of echo suppression techniques has received extra im-
petus with the advent of hands free telephony and teleconferencing. In particular,
teleconferencing, which involves audio conferencing via the telephone network, has
experienced increasing interest because of the considerable savings (time, money) it
can provide in comparison to air travel to conference venues. These acoustic telecom-
munication systems are susceptible not only to electric echoes generated within the
telephone circuit, but also to acoustic echoes, which arise due to acoustic coupling
between microphone (transmitter) and loudspeaker (receiver) of the hands free tele-
phone or teleconferencing system. The characteristics of acoustic echoes are somewhat

different from those of circuit echoes, and, in some ways, are more difficult to suppress.

One approach to controlling echoes within telecommunication systems is to place an



attenuation device in each direction of transmission. Due to the nature of echo gen-
eration, this causes the echoes to be attenuated twice as much as the transmitted
signals. This approach, however, causes unsatisfactorily low signal levels at the re-
ceiver for circuits longer than about 3000km [1]. A more sophisticated approach is
to insert an attenuation device into the receiving or transmitting circuit according
to which is least active. In speech transmission systems, this approach is known as
voiced controlled switching. It was very popular for controlling circuit echoes (1], [2],
[13], [6] and is currently the most commonly used technique for acoustic echo control
[20], [6]. A major drawback of this technique is that during full duplex transmission
- that is simultaneous transmission by the subscribers at both ends of the network -

one of the transmitted signals is necessarily attenuated.

A popular alternative is that of echo cancellation which is illustrated in - Figure 1.1.
This technique involves cohnecting a digital filter, the echo canceller, next to and in
parallel with the echo source or echo path. The echo canceller samples the signal u(k)
feeding the echo path and, if correctly designed, outputs a signal (k) which replicates
the echo 2(k). This echo replica is then subtracted from the echo containing signal
v(k). To enable suppression of echoes generated by time varying echo paths, the echo
* canceller is typically adaptive. The use of adaptation also allows, to some extent, the
echo canceller to be given arbitrary initial conditions, and thus reduces the costs due

to initial echo path measuring.

s(k) + v(k) + (k)
it (k)' ‘+ k) . y
2(k) 2(k)
Subscriber Echo Echo
Pa | Canceller
receive ---
u(k)

Figure 1.1: Echo suppression via echo cancellation.

The popularity of echo cancellation as a means of suppressing echoes in telecommu-

nication networks mainly is due to its parallel configuration which leads to:

e negligible delay of the transmitted subscriber signals s(k);

¢ full duplex transmission capability.



Of course, once the transients have died out, adaptive echo cancellation also leads to

negligible distortion/attenuation of the transmitted subscriber signals.

The basic requirements of an adaptive echo canceller are:

e rapid suppression of echoes or, in other words, good transient and asymptotic

performance;

e low computational complexity.

Usually, there is a trade-off between these two objectives. The meeting of these two

objectives depends on a suitable choice of the following design factors:

o filter structure;

e adaptation algorithm.

Commercially made echo cancellers typically involve [3], [5], [6], [7] Finite Impulse
Response (FIR) filters and the Least Mean Square (LMS) adaptive algorithm (or
the closely related Normalized LMS (NLMS) algorithm). The major advantages of
this echo canceller type are those of relatively low computational complexity, good
stability properties, relatively good robustness against implementation errors [8] and
that its behaviour is relatively easy to understand. Importantly, in a great many
cases this popular echo canceller type provides adequate echo suppression with low

computational complexity.

In a bid to achieve better echo cancellation under a greater range of circumstances,
alternative echo cancellers to the conventional LMS adaptive FIR filter type have

been and are being considered. These involve:

e modifications of the LMS adaptive FIR filter

e different filter structures and/or adaptation algorithms.

A review of the various types of echo cancellers is presented in Chapter 2.

Throughout the thesis we focus on suppressing echoes within speech transmission.
In many ways, the analyses and echo cancelling techniques presented in this thesis
can be also applied to the control of echoes in data transmission. However, there are
shortcomings.



e The new techniques assume that the echo path is linear.

e Echo cancellation in data transmission typically is required to suppress a small
but important nonlinear component (-40dB relative to that of the linear component)
of the echo path. This nonlinear component, which is introduced by the circuit com-
ponents of the digital transceiver [9], can be usually ignored in speech transmission.
In data transmission, however, it must be considered because of the need for greater

echo suppression [26].

The outline of the remainder of this introductory chapter is as follows. In Section 1.1
we give an introduction to the causes of echo, a description of the echo path char-
acteristics and of the requirements of the echo canceller. We consider circuit echoes
and acoustic echoes separately. In Section 1.2 we provide motivation for continued
research into adaptive echo cancellation and for the approach taken in this thesis. An
outline of the thesis is presented in Section 1.3 followed in Section 1.4 by a summary

of our original contributions.

1.1 Echo Path Characteristics and Echo Canceller Re-
quirements

1.1.1 Circuit Echoes

To understand how circuit echoes are generated and how they may be controlled
consider the simplified telephone network of Figure 1.2. In this network the two
subscribers are linked to a common central 4-wire loop facility via local subscriber 2-
wire lines. The local 2-wire lines allow communication in either direction. In contrast,
each of the 2-wire lines of the central 4-wire loop facility allow transmission in one
direction only. Such unidirectional transmission enables the use of amplifiers and
also of multiplexing i.e the sharing of one transmission channel by a number of calls.
Generally, these advantages of unidirectional transmission are only necessary for long
circuits and, consequently, for circuits shorter than about 60kms, the central 4-wire

loop facility is not included [1].

The 4-wire loop facility is connected to the local subscriber 2-wire lines through a
device known as a 2 to 4-wire hybrid. Ideally such devices permit all of the signal,
transmitted by the subscriber at the far end, to pass into the connected local 2-wire
line, as well as prevent any passage of the signal through to the opposite channel

of the 4-wire loop. This is achievable by including in the hybrid, which is basically
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Figure 1.2: Central 4-wire loop telephone network

a circuit bridge, a balancing impedance which is set to match the input impedance
of the connected 2-wire line. However, for multiplexing purposes, a hybrid may be
connected to any one of a large number of different local 2-wire lines. Due to variations
in the length, type and gauge of wire and number of phone extensions of the 2-
wire lines connected [1] it is not economically possible to ensure perfect, or even
near perfect, impedance matching {1}, {2], {10]. As a result, the far end transmitted
signal typically ‘leaks’ through the hybrid into the opposite 4-wire loop channel. This
results in an echo being received by the far end (i.e. the original) subscriber - Figure
1.3a. Poorly terminated circuits may also lead to the receiving of echoes by the near
end subscriber as indicated in Figure 1.3b and/or the observation of multiple echoes
separated by time intervals equal to the round trip delay. It is important to add that
because impedance matching of the distributed local 2-wire circuit is attempted with
a lumped network, the echo is not just an attenuated, but a filtered version of the far

end transmitted signal [1].

Depending on the delay of the echo, good quality communication may require the echo
power level to be 50dB below the original voice level [1]. The attenuation provided
by the hybrid on the echo signal leakage, however, can be as little as 10dB [6], [11].
Clearly, techniques which suppress the echo power by at least 40dB are required. The
circuit echo path is typically well modelled by a linear filter [6]. Most circuit echo
paths over the duration of a telephone call are time invariant [12], [13] and, more
generally, are only slowly time varying [6], [11]. Furthermore, the impulse response

of the echo path (through the hybrid near subscriber 1) from point D to point A in
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Figure 1.3: Echoes within the 4-wire loop telephone network:
(a) speaker echo, (b) listener echo

Figure 1.2 is typically only 15-16ms long [14], [5], [1] with the first 10ms typically

being zero or ‘flat’ [1].

Combining the above characteristics of the circuit echo path with the fact that an
8kHz sampling rate is typically used for telephone speech processing, then adequate
suppression (40dB) of circuit echoes via the technique of echo cancellation (Figure
1.1) should be achieved by using a digital filter having an impulse response length
of 128 taps. To ensure adequate echo suppression for most telephone calls, however,
a tap length of 256 taps is suggested [14]. So as to allow the echo canceller to
have arbitrary initial conditions, the echo canceller is made adaptive. Since the echo
path is time invariant or, at worst, slowly time varying then the algorithm used to
adapt the adaptive echo canceller does not need to have particularly good tracking

characteristics.

1.1.2 Acoustic Echoes

The typical setup for hands free telephony or teleconferencing, shown in Figure 1.4,
involves two acoustic enclosures ( e.g. the inside of a motor vehicle, or a conferencing
room) connected via a telephone network. We will ignore the details of the telephone

network and assume that any echoes being generated within it are adequately sup-



pressed. Each acoustic enclosure includes a loudspeaker for the receiving of signals
transmitted from and a microphone for transmitting to the far end acoustic enclosure.
The receiving of a signal at the loudspeaker results in, after some delay, an acoustic
echo at the microphone via a direct path and paths involving reflections (on walls,
furniture and persons). This acoustic coupling between loudspeaker and microphone

is called the acoustic echo path.

mifrophone
o=
loudspeaker
echo ; ; —1
) =
loydspeaker microphone
Acoustic enclosure Acoustic enclosure

Figure 1.4: The typical setup for hands free telephony or teleconferencing

Due to the relatively low speed of acoustic signals in air, acoustic echo paths tend
- to have relatively long impulse responses compared to electric echo paths. The at-
tenuation offered by acoustic echo paths is also relatively small. To be more specific:
in hands free telephony, the impulse response is typically several tens of milliseconds
while the attenuation may be 0dB or worse (that is amplifying rather than attenu-
ation) [15], [16]; in teleconferencing the impulse response length tends to be several
hundred ms [15] [13], [17], [18], [19] and the attenuation 6-10dB [15], [19]. Further-
more, CCITT recommendations for hands free telephony, indicate that the acoustic
echo should be suppressed to at least 45d B below the level of the original speech [15],
[2]. In the case of teleconferencing, where high audio quality is sought, similar if not
greater suppression is required.

To achieve such suppression the acoustic echo canceller needs to model essentially
all of the impulse response of the acoustic echo path. At an 8kHz sampling rate,
acoustic echo cancellers are therefore required to have the equivalent of an FIR tap
length of several hundred to several thousand taps. This requirement is made worse
in teleconferencing, which for quality reasons, uses a 16kHz sampling rate so as to to
cope with wide band speech (7kHz bandwidth) [13], [18]. In addition, acoustic echo
path impulse responses tend to be time varying because of movements of people and
objects within the enclosure [13], [17], [5].



A summary of the echo canceller requirements for suppression of circuit and acoustic

echoes is given in Table 1.1.

Table 1.1: Echo Canceller requirements

| Characteristic | Circuit | Acoustic |
Sampling Rate 8kH z 8k H z, prefer 16kH z
Impulse Response 200-300 200-4000 at (8kH z)
Tap Length 400-8000 at (16kH 2)
Tracking Requirement | Negligible | Important

1.2 Motivation for Research and Thesis Approach

Adaptive echo cancellation based on the LMS (or NLMS) adaptive FIR filter is now
the preferred method for suppressing circuit echoes in 4-wire loop telephony. Typi-
cally this approach yields relatively fast, essentially complete echo suppression with
relatively low computational complexity. However, occasional poor performance such
as signal bursting and/or slow, incomplete echo suppression has been observed [21],
[22], [23j, [24], [25]). To avoid such undesirable behaviour, there is a need to quantify
the causes of such behaviour so as to enable the development of performance enhanc-
ing techniques for the LMS /NLMS adaptive FIR echo canceller or, alternatively, to

motivate the use of more sophisticated echo cancelling techniques.

In contrast, the use of the LMS/NLMS adaptive FIR echo canceller for echo sup-
pression in acoustic telecommunication systems has not, in general, found a lot of
success. This is due to the need for ‘long’ FIR filters in order to model acoustic
echo paths adequately so as to achieve adequate asymptotic echo suppression. This
requirement leads to high computational complexity and has been reported to lead

to poor transient performance [20], [26], [27].
As a result of these problems, alternative echo cancelling techniques have been and
are being examined. Most of these techniques, however, tend either to:
e improve transient performance at the expense of greatly increased computa-
tional complexity;

¢ reduce computational complexity but worsen transient performance;

¢ introduce signal distortion or delay in return for improved transient performance

and/or reduced computational complexity.



To date, the acoustic echo cancellation techniques developed do not provide an im-

plementable ‘satisfactory’ solution [20], [4].

Possible directions for research into improving echo suppression within acoustic telecom-

munication systems include:

1. exploring alternatives to echo cancellation;

2. continuing to explore alternatives to LMS/NLMS adaptive FIR echo cancella-
tion;

3. developing performance enhancing techniques for LMS/NLMS adaptive FIR

echo cancellation.

The first direction was the focus of research prior to the development of echo cancella-
tion. The more successful alternatives (see [20] for a greater range of such alternatives)
and which are still in use today include: (a) voiced controlled switching and (b) studio
environments with highly directional loudspeakers and microphones and sound ab-
sorbing materials [20]. There are obvious inadequacies with both of these alternatives.
As mentioned previously, alternative (a), during periods of double talk, (i.e. speech is
being transmitted by both acoustic enclosures) causes significant attenuation of one
of the speech signals. On the other hand, alternative (b) is not very practical for most

situations and, generally, requires minimal movement of the talker(s) in each acoustic
enclosure.

The second possible direction of research is still the main focus of research today.
The third approach, however, is that which we follow throughout this thesis. This

decision is motivated by the following reasons.

o The LMS/NLMS adaptive FIR filter is the most popular adaptive estimation

technique [8], [28] and, is likely to remain so in the foreseeable future.

e The dynamics of the LMS/NLMS adaptive FIR filter are relatively ‘simple’ and,
generally, considerably simpler than those of the alternative echo canceller types.
This may allow the ‘weaknesses’ of the LMS/NLMS adaptive FIR filter to be
quantified through dynamical analysis and, in turn, enable possible performance

enhancing modifications to be developed and analysed.

In this thesis we focus on the LMS rather than the NLMS adaptive FIR filter. We
do this firstly because the LMS algorithm is (slightly) easier to analyse and secondly

9



because, the adaptation stepsize, u, used in practice is typically ‘small’ and under this
condition, the LMS and NLMS algorithms show similar dynamical behaviour {29], [8].
Motivated by the above discussion, the aims of the work leading to this thesis have

been as follows.

1. Through dynamical analysis attempt to quantify the weaknesses of the LMS
adaptive FIR filter for the case in which the adaptation stepsize, y, is ‘small’.
This needs to be carried out not only for the open loop case of Figure 1.5, in
which we consider an isolated adaptive filter/unknown channel pair but also for
the closed loop case of Figure 1.6 which is more representative of echo cancel-

lation networks.

2. Based on these weaknesses and the characteristics of echo cancellation networks,

develop performance enhancing techniques for the LMS adaptive FIR echo can-

celler
disturbance s(k) + v(k) + output y(k)
HEQ 'I’z‘(k)
A
unknown 0 9 adaptive
channel filter
yd
input u(k)

Figure 1.5: Open loop adaptive system - adaptive filter in parallel with unknown
channel

1.3 Thesis Outline

Chapter 2

In this chapter we present a review of the different adaptive filtering techniques which
have been proposed for echo cancellation. The main aim of this review is to highlight
the advantages and disadvantages of each technique. In addition to the LMS adaptive
FIR filter, we consider the Normalized LMS adaptive FIR filter, the RLS adaptive
technique, lattice filters, IIR filters, frequency domain filtering and sub-band filtering,.

The chapter is concluded with a brief review of non-standard approaches to adaptive
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Figure 1.6: Closed loop adaptive system - an adaptive filter/unknown channel pair
at each end of a closed loop

echo cancellation. The majority of these involve modifications to the LMS/FIR echo

canceller.

Chapter 3

In this chapter we carry out quantitative analyses on the LMS adaptive FIR filter in
the open loop configuration of Figure 1.5. We assume the tap length of the adaptive
filter matches that of the unknown channel. Due to the existence of a number of useful
results on asymptotic performance, we restrict our analysis to transient performance.
We begin by developing a cost function which provides a quantitative measure of
the convergence rate of the LMS adaptive FIR filter. Analysis of this cost function
is then carried out for the case in which the LMS adaptation stepsize, u is fixed,
irrespective of filter tap length or signal characteristics. Particular attention is given
to input signals, such as speech, which are well modelled as autoregressive processes.
We conclude the analysis by considering the case in which x is adjusted to maintain
asymptotic performance. In short, the analyses quantify the adverse effects of (i)
high autocorrelation levels of the signals input to the adaptive filter and (ii) large

dimensions or FIR tap lengths of the adaptive filter.

Chapter 4

In this chapter we carry out dynamical analyses for the closed loop configuration
of Figure 1.6. We begin by carrying out a semi-formal analysis on closed loop sys-
tems having echo paths/cancellers of arbitrary dimension. This provides a semi-
quantitative understanding of the effects of the signal characteristics and filter dimen-
sion on performance. After invoking a number of simplifying assumptions, we then
conduct quantitative analyses. The results indicate that an increase in the correlation

levels within and between the driving signals (s;, s2 of Figure 1.6) leads to a deteri-
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oration in the transient and/or asymptotic performance of the double adaptive filter
closed loop system. An increase in dimension of the adaptive filters accentuates this
effect. Furthermore, when the channels, which link the unknown channel/adaptive
filter pairs, impose a sufficiently long delay, the closed loop system dynamics simplify

to the dynamics of a pair of uncoupled open loop systems.

Chapter 5

The adverse effects of subscriber signal autocorrelation levels and adaptive filter di-
mension are of particular importance to echo cancellation because speech is typically
highly autocorrelated and the impulse responses of echo paths are relatively long. In
Chapter 5 we present two schemes which essentially whiten the echo canceller input
signals. One of the schemes involves low computational nonlinear filtering/defiltering
and may be‘ only applied to circuit echo cancellation. The other involves higher
computational linear filtering, but may be applied to both circuit and acoustic echo

cancellation.

Chapter 6

In Chapter 6 we tackle the problem of reducing the adverse effects (performance,
. computational cost) of large echo canceller dimensions. Through analyses we quan-
tify that, subject to white input signals (or input signals whitened through the ap-
plication of the signal conditioning schemes presented in Chapter 5), performance
improvements can be achieved by adapting only those taps in the echo canceller
which correspond to active/nonzero regions of the echo path impulse response. We
then develop a low computational cost scheme which enables the detection of such
active regions. A clever combination of this scheme with the LMS algorithm leads
to an on-line scheme for adapting only those taps which correspond to active regions
of the echo path impulse response. The expected performance improvements this

detection-LMS estimation algorithm can achieve are substantiated by simulations.

Chapter 7

A conclusion to the thesis is given in Chapter 7 together with a discussion of extensions

and future work.

1.4 Summary of Original Contributions

Open loop adaptive filter system - LMS adaptive FIR filter connected next to and in

parallel with time invariant FIR modelled unknown channel of equal tap length:

12



e Novel cost function developed which, for sufficiently small LMS adaptation stepsize
i, provides a quantitative measure of the expected convergence rate of the LMS

adaptive FIR filter to the unknown channel.

e For autoregressive (AR) input signals, an explicit relationship is obtained between

the cost function, the AR coefficients, filter dimension and u.

e Quantification of the influence of FIR tap length (filter parameter dimension), input

signal characteristics and g on the expected convergence cost function.

Closed loop double adaptive filter system - an LMS adaptive FIR filter and unknown

channel pair at each end of the loop; driving signals entering each unknown channel:

o Semi-formal to rigorous analysis conducted for small u case. Considerable extension
of the current quantitative understanding of the effects of driving signal correlation

levels and filter parameter dimension on asymptotic and transient performance.

Signal conditioning to enhance performance of LMS adaptive FIR echo cancellers in

speech transmission telecommunication networks:

e Proposed a scheme which uses digital scramblers at each end of the network to

enhance echo canceller performance in digital 4-wire loop networks.

¢ Proposed modifications to existing schemes for whitening speech/AR modelled input

signals of echo cancellers.

Dimension reduced LMS/FIR echo cancellation - based on the observation of in-
active/zero tap regions within impulse response of typical echo paths; white input

signals assumed:

o Using a least squares approach, a measure of the activity/inactivity of each tap of

an FIR modelled unknown channel is developed.

¢ Based on this activity measure, a low computational cost algorithm is developed
for determining the lag position of the ‘active’ or nonzero taps of an unknown chan-
nel/echo path.

e Proposed a modified LMS algorithm which uses the ‘active’ tap detection algo-
rithm to reduce the adaptive filter parameter dimension and, hence provide improved

asymptotic and/or transient performance.
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Chapter 2

Adaptive Filtering and Echo
Cancellation - A Review

2.1 Introduction

Adaptive echo cancellation is based on the use of adaptive filtering via the parallel

configuration of Figure 2.1 to estimate the unknown echo path. In choosing an adap-
l tive filtering scheme, one needs to consider the filter structure and adaptive algorithm.
The choice of the filter structure depends largely on the assumed structure of the echo
path. A suitable filter structure is a necessity for good asymptotic performance. To
a lesser extent, the asymptotic performance also depends on the adaptive algorithm.
On the other hand, the transient performance is controlled largely by the adaptive
algorithm and to a lesser extent by the filter structure. As in most applications,
the choice of an adaptive filtering scheme for adaptive echo cancellation involves a
trade-off between performance and computational complexity. The ability to select
the scheme which provides the best compromise requires an understanding of the
weaknesses/strengths of each adaptive filtering scheme and of the relevance of these

to echo cancellation.

The objective of this chapter is to provide such an understanding. We begin by
reviewing a collection of different types of adaptive filtering schemes which may be
used for estimating an unknown channel via the parallel configuration of Figure 2.1.
In particular, we emphasize the weaknesses and strengths of each scheme. We use
as a yardstick, the LMS adaptive FIR filtering scheme, which is that currently used
in commercially produced adaptive echo cancellers. After stating the requirements

and characteristics of echo cancellation, we then highlight the advantages and disad-
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Figure 2.1: Echo suppression via echo cancellation.

vantages of each scheme for this adaptive estimation application. We complete the
chapter with a brief review of non-standard approaches to adaptive echo cancellation.
The majority of these involve modifications to the LMS/FIR echo canceller. Remarks
on double talk are provided in the appendix at the end of this chapter.

We begin by considering the LMS adaptive FIR filter and follow this with schemes
which involve alternatives to the LMS adaptive algorithm and/or the FIR filter struc-

ture.

2.2 LMS adaptive FIR filter

The LMS adaptive FIR filter, as the name implies, involves using a finite impulse
response (FIR) filter to model the parallel unknown channel, ©, and the least mean
square (LMS) adaptive algorithm to enable the filter to converge to and track the
channel. The discrete-time/digital FIR filter is a tap delay line:

O(q7") = o +01g7" +..0n_1g"" (2.1)

where ¢~! is the sample delay operator. This filter structure is particularly popular
because of its simplicity and its inherent stability. Of course the usefulness of this
structure for parallel adaptive estimation depends on the unknown channel being

adequately modelled by an FIR structure:
O(g") =00+ 617" + ...0m_1g" " (2.2)
The LMS algorithm is based on the idea of adjusting the coefficients of the FIR

filter/estimator ©k(g~!) (where the subscript k indicates time variation due to adap-

tation) so as to minimize the expectation of the squared error € = E[y(k)?], where
y(k) = O(¢7)u(k) - O(g™ )u(k) + s(k) (2.3)
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is the output of the adaptive filter/unknown channel system of Figure 2.1 with input
u(k) and additive disturbance s(k). This criterion is a quadratic function of the
adaptive FIR tap coefficients é;(k). The minimum point of the paraboloid formed by
plotting € against f;, i=0,1,..n—1 corresponds to the optimum solution °°*. To
adapt the tap coefficient vector 9(k) towards this optimum, one approach is to use

the method of steepest descent:

Bk + 1) = d(k) + g(-vk) (2.4)
where p is a step gain and
de?
V= —/——
dé(k)

is the gradient of the mean-squared error surface. Instead of using the mean squared
error, which leads to a high computational load and the need for a large amount of
memory [30], [13], the LMS algorithm uses the instantaneous squared error y(k)? to
provide an estimate of the gradient:

Y, = dy("i +1)°

do(k)

In particular, the LMS algorithm for the n-tap adaptive FIR filter system of Figure
2.1 is:

(2.5)

O(k + 1) = (k) + py(k)U (k) (2.6)
where U(k) = (u(k) u(k — 1) ... u(k —n +1))T. If we let

0= (80 ... 6,_1)F (2.7)

be the vector containing the first n tap coefficients of the FIR modelled unknown

channel, then an equivalent form of (2.6) is:
0 —0(k+1)= (I - pUK)UK)T)O - 8(k + 1)) — uU(k)e(k) (2.8)

where e(k) includes the additive disturbance s(k) and any additive disturbances due

to undermodelling of the unknown channel.

The LMS adaptive FIR filter suffers from a number of problems, which are discussed

next.

2.2.1 Input Signal Autocorrelation Effects

Equation (2.8) indicates that the transient performance of the LMS adaptive FIR

filter measured by, for example, the rate of convergence of the expectation

E[||6 - 8(k)]2], where |||z = Euclidean norm
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to some asymptotic value, is governed largely by the eigenvalues of (I—pE[U(k)U(k)T)).
Thus, the transient performance is determined largely by the eigenvalues of the n X n

input signal autocorrelation matrix,
E[U(R)U(K)T] 2 R,.

These eigenvalues are essentially the power of the different orthogonal components of

the input signal in n-dimensional space [6].

Therefore, the convergence rate generally has n different modes [7], [6], [30], [70], [28].
The slowest mode of convergence is determined by the minimum eigenvalue of the
input signal autocorrelation matrix, R,. For a given input signal power, a greater
spread of eigenvalues of R,,, therefore, will have one or more slower modes of conver-
gence. Generally, because the slower modes of convergence will eventually dominate,
a greater spread of eigenvalues of the input signal autocorrelation matrix causes slower
convergence [7], [28], [6]. This relationship suggests that convergence rate improves
as the input signal spectrum becomes flatter [7] and has lead many authors ( e.g. [13],
[26], [12], [42], [19], [35]) to suggest that convergence rate deteriorates with higher
input signal autocorrelation levels. Intuitively, the slower convergence rate with in-

" creased input autocorrelation results from a greater interaction among the adaptive
coefficients, 6;(k).

This link between input signal autocorrelation characteristics and convergence rate

of the LMS adaptive FIR filter is addressed in considerably more detail in Chapter 3.

2.2.2 Effect of Input Signal Power

The convergence rate and stability of the LMS adaptive FIR filter are directly de-
pendent on the value of y times the power of the input signal 7], [8], [6], [26]. This
dependence, which is suggested by (2.8), can be particularly problematic if the power
of the input signal varies greatly. In particular, if the input power becomes insignif-
icant, then adaptation of the LMS adaptive FIR filter will essentially stop. On the

other hand, if the input power becomes sufficiently large then the LMS/FIR filter can
become unstable.

2.2.3 Effect of FIR Tap Length

To enable good asymptotic performance of the LMS adaptive FIR filter, the tap
length of the FIR filter should be chosen to cover the impulse response of the un-
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known channel. That is, no undermodelling, or, with reference to (2.1) and (2.2),
n > m. This requirement leads to many filter parameters and, consequently, high
computational complexity of the LMS/FIR filter when the unknown channel has a
long impulse response. The large number of adaptive filter parameters may also lead
to poor convergence rates, particularly in the presence of highly autocorrelated input
signals [20], [26], [27]. This adverse effect of increasing filter dimension on conver-
gence rate is quantified in Chapter 3. Intuitively, it is due to an increasing number of

interactions between the different modes of convergence.

2.3 NLMS Adaptive Algorithm

As noted in the previous section, the value of uo2, where o2 is the variance or power
of the input signal, directly affects the convergence rate and stability of the LMS
adaptive FIR filter. One effective approach to overcoming this dependence is to
normalize the update stepsize with an estimate of the input signal variance, 52(k).
This is known as the Normalized LMS algorithm:

Ok +1) = 0(k) + (K)U (k) (2.9)

w
oy (k)2”
where 7 is the tap length of the adaptive FIR filter and the estimate &,(k)? can be
obtained from one of various formulas e.g.:

ik, UGTU(5)/ [k = ko + 1)]

6u(k)? =< a+UE)TUK)/n

pou(k—1)2 + (1 - pYu(h)?
where 7 is the length of the vector U(k), o is a small positive constant and 0 < p < 1.
A comparison between the LMS and NLMS algorithms has been carried out by a
number of authors e.g. [29], [31], [8]. In [29] it is shown that, under the popular
assumption that the input signal vectors U(k) are Gaussian, the LMS and NLMS
algorithms behave quite similarly for small stepsizes u, where the stepsizes for the
different algorithms are related by

HLMS
né2

UNLMS = (2.10)

On the other hand, [31], [8] show that, under similar assumptions, by choosing u so as
to optimize the convergence rates of the algorithms, the NLMS algorithm converges

more quickly than the LMS algorithm.
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Remark:

1. In practice the stepsize p is chosen to be ‘small’. Consequently, in practice, the
LMS and NLMS algorithms, with the stepsizes related by (2.10), behave simi-
larly for a given filter dimension n. Note that for a given LMS stepsize, prars,
the NLMS algorithm, as compared to the LMS algorithm, shows an additional
dependence on dimension. However, as is shown in Chapter 3, Section 3.7, in
order to maintain the same asymptotic performance of systems of different di-
mensions, prays needs to be reduced linearly as dimension increases. In this

case, the LMS and NLMS algorithms show a similar dependence on dimension.

2. The analyses conducted in [29], [31] ,‘ [8] assume that the input signal vectors
U(k) are i.i.d. The errors due to the use of this assumption, which is not valid
in the case of an LMS adaptive FIR filter system (since Uy and Ug_; have
n — 1 elements in common), are reported in [71] to be relatively small when p
is ‘small’. This, however, leads one to question the validity of the optimal u

convergence results, which in general do not involve small x.

2.4 RLS Algorithm

A popular alternative to the LMS/NLMS algorithms which does not show the same
dependence of input signal autocorrelation characteristics is the weighted Recursive
Least Squares (RLS) algorithm. This algorithm is based on choosing 9(k) so as to

minimize the weighted Least Squares cost function:
k
Ve =Y y(4)we; (2.11)
i=1
where y(k) is the residual signal output by the estimation filter/unknown channel

system at time k and wy ; is a weighting function. A common choice is the exponential

weighting function:

wi;=(1=A)*7 where0<A<1 (2.12)

which causes the influence of the past samples to fade out exponentially.

The exponentially weighted least squares solution é(k) for an FIR estimator is ob-
tained via the exponentially weighted RLS algorithm (see Appendix C for a derivation
of this algorithm):

O(k+1) = 4(k)+ R(k)'U(k)y(k) (2.13)
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R(E) = (1=XR(k-1)+UE)UKT (2.14)

where U(k) = (u(k) u(k —1) ... u(k — n+1))T is the input signal vector to the n-tap

FIR estimator.

The basic difference between the LMS (and NLMS) and the exponentijally weighted
RLS algorithms is that the scalar stepsize, p, in the LMS algorithm is replaced by
A times the inverse of R(k), where R(k) is the short term input signal autocorrela-
tion matrix. The ‘normalization’ with R(k)~! essentially normalizes the adaptation
in each eigenvector direction by the signal power in that direction. This leads to
the convergence rate of the RLS algorithm being independent of both the input sig-
nal power and autocorrelation characteristics. It is claimed that the exponentially
weighted RLS algorithm, for non-white input signals, results in faster convergence
and better tracking than the LMS/NLMS algorithms [41],[42]. This superior perfor-
mance, however, depends largely on an appropriate choice of the forgetting factor A.
For example, if A = 0 then the RLS algorithm has little tracking capability and poor

transient performance [96).

. A major disadvantage of the RLS algorithm is the high computational complexity
required to compute the inverse matrix R(k)~!. Using the matrix inversion lemma
leads to a recursive formula for computing R(k)~! (see Appendix C), but this still
requires O(2n?) multiplications per sample interval, where n is the number of filter
coefficients. In comparison, the LMS algorithm requires only 2n multiplications per

sample interval.

Reduced computational versions of the RLS algorithm such as the FRLS (or FKF)
algorithm, have been developed, which make use of the property that the input signal
vector U(k) is a one step shifted version of U(k — 1) with a new sample on the

‘top’. These fast algorithms, however, still require O(10n) multiplications per sample
interval [43], [12], [6].

Besides relatively high computational complexity, the FRLS algorithm also suffers
from instability problems [20]. One source of instability is the propagation of numer-
ical errors due to finite wordlength representation. Considerable advances, however,
have been recently made towards reducing this problem [44], [45], [42]. In particular,
one modified version, the FTF algorithm, is reported to achieve these improvements

by feedback of the numerical errors.

Another source of instability of the FRLS and, in general, the RLS algorithms arises
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when the input signal is non-persistently exciting. This may cause the short term
input autocorrelation matrix R(k) to be singular, frequently. Such singularity may

lead to instability of the update equation:
8 —6(k +1) = [I - R(E)"\UK)Uk)T)(6 - 6(k)) - R(k)~ U (k)e(k) (2.15)
particularly, as a result of ‘bursting’ of the noise term
R(k)1U (k)e(k).

This behaviour can be avoided by using sufficiently long time windows for updating
the autocorrelation matrix or by reducing A sufficiently closely to zero. However, this

necessarily reduces the tracking capability and convergence rate.

2.5 Lattice Filters

Another approach to reducing the dependence of the LMS adaptive FIR filter on the
input signal autocorrelation characteristics is to use a lattice filter [7], [46], [47], as
shown in Figure 2.2. The lattice filter structure consists of a set of n — 1 prefilter
stages with internal or ‘reflection’ coefficients k;, 1 < j < n — 1. The lattice filter
is constructed so that, by appropriate choice of these reflection coefficients, the sig-
nals ep(i]j) output by the lattice stages are uncorrelated with each other. The signal
output by the lattice based estimator is obtained from a weighted sum of these uncor-

related signals. Effectively, the lattice filter whitens the input signal so that improved
convergence is obtained.

As reported in [7], the weights b; and reflection coefficients k; can be adapted using the
LMS algorithm. The complexity is about 5n. Good performance is reported in [48],
[49] for small filter dimensions n ~ 10 and with stationary infmt signals. However,
for nonstationary input signals, such as speech, [6],[26] and large n, the performance
deteriorates. Under such circumstances [6] suggests that an LS based lattice filter

should be used, but this results in an increase in complexity to O(15n) — O(35n).

2.6 IIR Filters

Some unknown channels are more suitably modelled by a combination of poles and

zeros as opposed to just zeros. For the estimation of such unknown channels, an IIR
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Figure 2.2: Lattice filter:(a) full structure, (b) mt* prefilter stage.

(infinite impulse response) filter structure:
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where B(¢~!) and A(q~!) are each FIR filters, seems an appropriate choice for the

adaptive filter. In particular, this approach has the potential for greatly reducing the
number of adaptive parameters which, in turn, can lead to reduced computational

complexity and possibly improved transient performance.

Two configurations of the adaptive IIR filter are shown in Figure 2.3. The series-

parallel structure shown in Figure 2.3a has the following advantages:

o lower computational complexity than an FIR filter (assuming the unknown

channel has an IIR structure);
e the LMS algorithm may be used for adaptation [26];

o for sufficiently small 4 and/or sufficiently large ITR order, stability is guaranteed
[51], [50];
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and the following disadvantages:

o the performance is limited by disturbances s(k) within the unknown channel
[26];

¢ overspecification of the IIR model order is necessary in order to achieve im-

provements in asymptotic performance over the adaptive FIR filter [51], [50];

e the convergence rate tends to be slower than the FIR filter, particularly for large
IR model orders [51], [50] - it is suggested in [50] that convergence problems

occur for model orders larger than two.

v(k) + T y(k)
1
A Q']
+ -
—sq @
B!
RS
@ u(k)
v(k) + yk)
! J
B(q'L
~Ta@!)
u(k)
(b)

Figure 2.3: IIR adaptive filtering: (a) series-parallel, (b) parallel configuration.

Unlike the series-parallel IIR filter, the convergence characteristics of the parallel
IIR configuration of F igﬁre 2.3b are not affected by disturbances. However, the
LMS algorithm is not suitable for this filter structure. In general, the adaptation
of the parallel IIR filter involves considerably greater computational costs than the
LMS/FIR filter [54]. In addition, this IIR configuration suffers from the following
problems [26]: |
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e may converge to a local minimum;
e convergence rate is very slow;

e stability testing is required.

It is evident that in many applications, the weaknesses of either of these adaptive IIR

filtering schemes would outweigh their strengths.

2.7 Frequency Domain Filtering

The frequency domain approach involves adapting the filter (usually FIR based) and
generating its output in the frequency domain, typically using consecutive, nonover-
lapping blocks of data. The number of frequency bins used is chosen to match the
(assumed) time domain tap length of the unknown channel. The data block lengths

are determined by the number of frequency bins.

Frequency domain filtering can be carried out by either of the two configurations

. shown in Figure 2.4. The advantages of this approach are as follows.

e Considerably reduced computational complexity [56] for sufficiently large filter
lengths, n > 30 — 50. This is due to the fact that:

- the convolution of a pair of time domain sample blocks (which is required
in order to generate the echo replica) is equivalent in the frequency domain to
simple multiplication of the corresponding frequency domain coefficients;

- highly efficient fast fourier transform (FFT) methods are available to ensure
that transform of signals to and from the frequency domain does not introduce
too much extra computational complexity.

In particﬁlar, for a filter size of n = 1024, the computational advantage of
frequency domain filtering is [56]

time domain complexity

: — = 15 to 50
freq. domain complexity

depending on the FFT method used. The advantage increases/decreases as the

filter size increases/decreases.

e The potential for improved convergence rates as measured per adaptation or
block of data. This is due to the fact that the signals from one frequency

bin to the next are approximately uncorrelated, if the collection window is
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Figure 2.4: Frequency domain adaptive filtering with error signal computed in
(a) time domain, (b) frequency domain.

sufficiently large [57], [6]. In effect, the signal power in each frequency bin is
a measure of the signal power of each of the orthogonal components of the
input, or, equivalently, is a measure of each of the eigenvalues of the input
signal autocorrelation matrix [58], [59]. The adverse effect on LMS convergence
rate of a wide eigenvalue spread (of the input signal autocorrelation matrix)
can, therefore, be minimized by using a stepsize in each frequency bin which is

inversely proportional to the signal power level in that bin.

Disadvantages of the LMS/FIR block frequency domain filter include the introduction
- of delay [56] and possibly a reduction in the stable range of p [97]. For nonstationary
signals, the tracking capability is also generally inferior [56] to the LMS/FIR time
domain filter.

Another serious disadvantage of block frequency domain adaptive filtering is that
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adaptation only takes place once per block of data. In general, this results in con-
siderably slower convergence in real time than the LMS adaptive FIR filter [56], [98].
An approach to improve the real time convergence rate is to use a sliding window to
compute the fourier transform of the block with each new input sample. This enables
the adaptive filter to be updated every sample interval and results in the convergence
rate approaching that of the time domain RLS adaptive FIR. However, it also leads

to a considerable increase in the computational complexity.

2.8 Sub-Band Filtering

Sub-band echo cancelling involves decomposing the input signal and unknown chan-
nel output, sampled at say FkHz, into M frequency sub-bands, and providing each
sub-band with its own LMS adaptive FIR filter (other adaptive filters could also be
used) - as shown in Figure 2.5. In addition, the sub-band signals are downsampled
by a factor L < M so that the sampling rate in each sub-band is F/L kHz. Gener-
ally, polyphase filters [5], [60], [61] or quadrature mirror filters [62], [L5] are used to

efficiently implement the analysis and synthesis filter banks.

v(k) Analvei + Synthesis y(&)
- A o | L - 1B e ™ -
downsample upsample
A
0k
—
Denotes M
parallel signals lL downsample
Analysis
Bank

u(k)

Figure 2.5: Subband adaptive filtering.

The advantages of sub-band filtering are as follows.

o Potentially, a considerable reduction in computational complexity. This is due
to, primarily, the reduction in the sampling rate in each sub-band, which en-
ables a reduction in the number of taps in each adaptive filter and a reduction in

the required adaptation rate by a factor of L. Thus, neglecting the additional
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requirements of the analysis and synthesis filter banks, the saving in compu-
tational complexity is by a factor of L?/M [20]. A further reduction in the
computational complexity can be achieved by adjusting the tap length of the
filters in each sub-band to match the tap length of the unknown channel in the
corresponding sub-band [5]. The extra computational complexity introduced by
the analysis and synthesis depends on the specific approach taken. Polyphase
filters cause only a small increase in computation [5]. More specifically, one
approach [17], which employs two polyphase networks of order 321 and two
FFTs for analysis and synthesis and a decimation factor of 32, has an overall

complexity which is about 1/8 of the equivalent 4000 tap LMS/FIR filter.

e Potentially, an increase in convergence rate [20], [17], [5]. This is due to

- adjusting the stepsize p in each sub-band according to the input signal
power in that sub-band [15] (which achieves a similar decorrelating effect of the
input as that obtained with frequency domain bﬁltering);

- the reduction in the number of taps in each sub-band LMS/FIR filter by
the factor L (as quantified in Chapter 3, the convergence rate of the LMS/FIR
filter improves as the number of taps reduce).

Superior transient performance of the sub-band filter over the LMS adaptive
FIR filter has been reported by [20], [17], [5].

With regard to the latter advantage, it should be remembered that the sampling‘rate
within the sub-band filter is reduced by a factor of L and, consequently, in real time,

the convergence rate, in general, may not be superior to that of the conventional
LMS/FIR.

There are a number of disadvantages with sub-band echo cancellation.

o A delay in the signal y(k) output by the adaptive filter /unknown channel system
caused by the analysis and synthesis filterbanks [20], [15], [5], [17]. This delay
increases with the number of sub-bands [5]. This problem can be overcome by
placing the synthesis filter banks immediately after the adaptive filter [63], [64]
so as to avoid the analysis and synthesis of the unknown channel output signal.

- In addition to avoiding output delay, this modification provides reduced com-
putational complexity. However, it does not provide the convergence benefits
of the standard approach and, because of the delay in the echo replica, tends to
worsen tracking ability [20].
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¢ Poor asymptotic performance due to aliasing or cross-talk between sub-bands.
This occurs with polyphase filter banks as well as QMF filter banks. The inclu-
sion of the latter may be surprising since QMFs are designed so that aliasing
is compensated for during synthesis, However, full compensation, requires that
the sub-band signals all experience the same processing, which is not the case
in general. To remove this aliasing, adaptive filters can be used between neigh-
bouring sub-bands [65]). Alternatively, oversampling (i.e. M > L) can be used
[60], [15]. Both alternatives result in an increase in computational complexity

and limit the computational benefits of increasing the number of sub-bands.

2.9 Adaptive Filtering for Echo Cancellation

In this section we begin by making a comparison of the suitability of each of the
adaptive filtering schemes discussed above for adaptive echo cancellation in speech
transmission telecommunication systems. We then move onto presenting a number of

non-standard adaptive schemes which have been proposed for this application.

In spee;:h transmission echo cancelling systems, the unknown channel is the echo
path, the disturbance signal is the near end subscriber signal and the input signal is
comprised largely of the far end subscriber signal. The subscriber signals are basically

speech, although they may also contain noise.

The characteristics of this adaptive filtering application which are of particular im-

portance are:

e the input signal
(i) is highly autocorrelated,
(ii) on the short term shows a lack of persistent excitation, and

(iil) is approximately stationary only over a 20ms interval;

¢ the impulse response of the unknown channel is moderately to very long and,

particularly in acoustic echo cancellation, may be time varying,.

A primary requirement of an adaptive filtering scheme for this application is low

computational complexity.

The NLMS/LMS adaptive FIR filter is attractive because of its inherent stability
and relatively low computational costs. In acoustic echo cancellation, however, the

computational requirement becomes somewhat demanding. The major drawback of

28



this adaptive filtering technique is the sensitivity of its transient performance to input
signal autocorrelation characteristics. In particular, various authors [13], [26], [12]

report poor transient performance with speech input signals particularly when the
FIR filter is ‘long’.

The transient performance of the RLS adaptive FIR filter, in contrast, is independent
of the input signal autocorrelation characteristics. However, the stability problems
and/or high computational cost of this adaptive filtering scheme with speech inputs
and ‘long’ unknown channels detracts considerably from its appeal as an echo canceller

in speech transmission systems.

Lattice based filter structures under the conditions of echo cancellation - speech inputs
and long unknown channels - need to be RLS adapted for performance reasons. The

computational cost of such an adaptive filtering scheme is prohibitively large.

Due to its lower computational requirements, the LMS adaptive series-parallel IIR
filter may be a potential alternative to the LMS adaptive FIR filter for acoustic echo
cancellation. Its applicability, however, depends on minimal double talk and on the
echo path being adequately modelled by a low order IIR filter. These are serious
limitations. In particular, one study [52] reported finding 80 maxima and minima in
the transfer function of acoustic echo paths in the frequency range of 0 — 4kHz. This
implies [20] that an IIR filter having an order of greater than 80 is required to model

acoustic echo paths. This, in turn, suggests that the series-parallel IIR filter is not

suitable for acoustic echo cancellation

The parallel IIR filter does not appear to be a possible option for echo cancellation.
This is supported by studies in [54] which demonstrate that such a filter provides very
little, if any, performaﬁce improvement but causes considerable increase in adapta-
tion complexity. In contrast, good performance is reported in [53] using the parallel
IIR structure. The approach assumes an AR model for the disturbance signal and
employs a recursive prediction error method (based on Least Squares) for adaptation.
This claim is supposedly substantiated through simulations. The relevance of the

simulations to echo cancellations is highly questionable since only low order IIR and

AR filters are considered.

LMS/FIR frequency domain filtering, depending on whether it is conducted in con-
secutive data blocks or with sliding windows, offers computational cost advantages
or convergence rate advantages, respectively, over time domain LMS/FIR filtering.

However, each advantage usually comes at the expense of the other. The poorer
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tracking ability (in comparison to time domain filtering) of frequency domain filtering
with nonstationary inputs as well as the introduction of delay (which is particularly

unattractive in speech transmission) detracts further from its appeal.

The main attraction of sub-band filtering is its lower computational costs in compari-
son to the LMS adaptive FIR filter, particularly as the number of sub-bands increases.
However, along with this advantage comes the delay introduced by the analysis and
- synthesis filter banks, which also increases with the number of sub-bands. Modi-
fications to avoid this serious limitation result in other problems such as reduced

convergence rates and tracking capability.

The above discussion suggests that the presented alternatives to the NLMS/LMS
adaptive FIR are not necessarily better suited for speech transmission echo cancella-
tion and, in various ways, are poor substitutes. Of course, in some situations one or
more of the alternatives may out-perform the LMS/FIR filter. However, more work
is needed to enable such improvements and the conditions under which they occur to

be quantified.

Possibly as a consequence of the problems these standard adaptive filtering techniques
suffer, non-standard approaches to adaptive echo cancellation have been and are being

explored. Some of these are discussed below. Note that the majority of these are
modified versions of the NLMS/LMS adaptive FIR filter.

e In [55] a two stage echo canceller is proposed, in which the first stage is an
LMS/FIR filter of 20-40 taps. This stage is used to model the front of the echo
path. The second stage is an adaptively weighted linear combination of orthog-
onal IIR filters which is used to model the echo path tail. The orthogonality
is ensured by basing the 2-transform of the jth IIR filter on the z-transform of
the jth order Laguerre function:

27l -y
(1 = rz-1)i+1’

where p > 0 is a constant to be determined. Good performance and substantial

Lj(z)= r=e7? (2.16)

complexity reduction is reported for a variety of echo paths. A major drawback
with this approach is that the benefits depend on the Laguerre parameter p
being optimized for each echo path, FIR tap length and number of Laguerre

IR filters used. Furthermore, this optimization is carried out off line.

o It is proposed in [32] to insert uncorrelated noise bursts into the input signal

of the LMS adaptive FIR echo canceller during initialization of the connection.
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The noise burst insertion leads to a whitening effect of the input signal and
consequently, may provide a boost to the initial convergence rate of the echo
canceller. An alternative approach, proposed in [33], is to insert the noise into
the input signal u(k) and residual output signal y(k) only in the adaptation al-
gorithm. This approach has the advantage that the noise insertion can continue
past the initialization stage. Intuitively, however, for a given period of noise
insertion, this latter approach, as compared to the former approach, produces

a smaller whitening effect for the same level of noise inserted.

In another bid to reduce the dependence of the LMS/FIR echo canceller on the
autocorrelation characteristics of the input signal, it is proposed in [34],[35],
" [19] to update the echo canceller using only that component of U(k) which is
orthogonal to or uncorrelated with U(k — 1). This is carried out using affine

projection algorithms, the second order version [35] of which is:
k) = URTUEK-1))UE-D)TUE-1))
Z(k) U(k) - c(k)U(k-1)
Bk +1) = 0(8)+ wZ(RR/U(RZ(R))

il

Voiced speech is typically well modelled as an autoregressive process:

u(k) = Alq _l)w(k) (2.17)
where: v

Alg ) =14 aq7 + a7 + ...+ apg™?

| w(k) is a discrete white zero mean signal.
Clearly, the filter A(¢™!) is a whitening filter for u(k). By using linear prediction
methods on the input signal, an estimate of the filter A(¢™!) is obtained and
used to whiten the input signal [36], [37]. This approach is discussed in more
detail in Chapter 5. Note that due to the nonstationary characteristics of speech,

the estimate of the autoregressive filter needs to be updated regularly - every
20ms [20].

Under a number of assumptions including that of the input signal being white,
analyses carried out in [18] suggest that convergence rate improvements of the ‘
LMS/FIR echo canceller are achieved by assigning to each echo canceller tap
0;(k) its own update stepsize, p; = 162, where 6; is the corresponding echo path
tap coefficient. Combining this with measurements of the impulse responses

of acoustic echo paths suggests that the sequence of individual stepsizes, {u;},
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should decay exponentially with tap index or sample lag ¢ [18]. The difficulty
lies in determining a suitable exponential decay rate. Procedures of various

computational complexity are suggested.

o A similar approach is suggested in [38] to improve the tracking of time variations
of the echo path - different stepsizes are chosen for each FIR echo canceller tap

depending on whether the corresponding tap is slow varying or fast varying.

¢ Recent suggestions [39], [40] for LMS/FIR based echo cancellers include proce-
dures which take into account the possibility of inactive areas (regions of nonzero
taps) in the echo path impulse response. Ignoring these areas may lead to a
reduction in the number of adaptive FIR taps, which in turn provides compu-
tational savings. It is also reported to lead to convergence rate improvements.

This approach is discussed in more detail in Chapter 6.

Each of these non-standard approaches, as indicated, has its merits. The general
approach of developing modifications for the LMS/FIR filter, however, has an extra
appeal. This is due to the dynamical simplicity of the LMS/FIR filter, which enables
" the effects of the modifications to be determined, at least intuitively. However, before
attempting to develop modifications, this author believes that the system dynamics
should be quantitatively analysed. This avoids the risk of chasing modifications in
an ad-hoc fashion and enables the usefulness of modifications to be quantified and
compared. In particular, it avoids the need to estimate performance improvements

solely from simulations.

The work leading to this thesis has been based on this idea:
- quantify the weaknesses of the LMS adaptive FIR filter through dynamical

analyses;

- based on the analytical results, develop performance improving modifications.

2.10 Conclusion

In this chapter we briefly examined the weaknesses and strengths of the various adap-
tive filtering schemes which have been and are being considered for echo cancellation
in speech transmission systems. The LMS adaptive FIR filter, because of its rela-
tively low computational costs and inherent stability is popular. However, in this

application, with speech inputs and large tap lengths, the LMS/FIR filter suffers
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from poor convergence rates and demanding computational requirements, particu-
larly in acoustic echo cancellation. The alternative schemes presented, such as that
involving RLS adaptation or sub-band filtering, generally provide some advantages
over the LMS/FIR filter, but these come at the expense of other disadvantages, such
as greater computational cost, poorer performance, instability and/or transmission
delay. In general, the alternatives to the LMS/FIR filter are not necessarily better
suited for speech transmission echo cancellation and, in many ways, are poor substi-
tutes. Another approach is that of developing modifications to the LMS/FIR filter.
This approach is particularly appealing because the dynamical simplicity of this filter
enables the effects of the modifications to be determined intuitively. To enable this
approach to be followed methodically, the influence of the various system parameters
on LMS/FIR filter performance should be first quantified.
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Chapter 2 Appendix: Remarks on Double Talk

The LMS adaptive FIR echo canceller, like many of the alternatives suggested, suffers
from misadjustment or incorrect adaptation of the echo canceller coefficients during
periods of double talk - that is, simultaneous transmission from each end of the
network. This is due to the fact that during such periods the near end signal may be
interpretted as part of the echo, z(k).

The conventional way of avoiding misadjustment, which requires fitting of a double
talk detector, is to stop adaptation of the echo canceller during double talk [13],
[6]. Using the frozen echo canceller tap coefficients, the output of an echo replica,
however, continues as does transmission of the near end signal. Other approaches to
the double talk problem involve more sophisticated, but computationally expensive,

stepsize control schemes. For example, [66], [35], [67], [68],

1/[1+ v(k)/(116 - (k)| 13)]
E[s(k)*)/(1U(®)113/m)

(k)
v(k)

where E[.] denotes expectation operation. To implement this approach, however, ad-

ditional methods and computation must be employed to obtain estimates of E[s(k)?]
and (|6 — 6(k)|[3.

The possible misadjustment of the adaptive echo canceller due to double talk will not
be addressed directly in this thesis. However, as will become apparent through quan-
titative analyses of the LMS/FIR echo canceller, under certain assumptions - such
as echo path time-invariance, signal stationarity, zero cross correlation between input
and disturbance signals, as well as a sufficiently small stepsize, 4 - the LMS adaptive
FIR echo canceller does not suffer from long term misadjustment due to double talk.
It seems intuitive that, for sufficiently small x4 (which is a basic assumption in this

thesis), this result should also hold when the assumption on stationarity is relaxed.
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Chapter 3

Quantitative Analysis of the
LMS Adaptive FIR Filter

3.1 Introduction

In this chapter we carry out rigorous analyses of the LMS adaptive FIR filter used to
estimate a time invariant unknown channel via the parallel configuration of Figure 3.1.
The main objective of the analyses is to quantify the link between the adaptive filter
performance and system properties such as input signal autocorrelation level and FIR
tap length or parameter dimension, n. The effects of these factors, which have been
suggested by other analyses, are particularly relevant to echo cancellation in which
the input signal typically is highly autocorrelated speech and the filter dimension
is moderate to very large. Meeting this objective will enable the development of

techniques which enhance the performance of the LMS adaptive FIR echo canceller.

We separate the analyses into those of transient and asymptotic performance. Of the
numerous studies previously conducted, many provide a quantitative link between
asymptotic performance, signal characteristics and filter djrﬁension. The review of
these asymptotic results is left until Section 7. Our analyses, focus on transient per-
formance. We begin in Section 2 with a system description which includes assumptions
and notation as well as the LMS adaptive system equation. In Section 3, using the
framework introduced in Section 2, we review relevant results on transient perfor-
mance. The results rely heavily on an invalid input signal independence assumption,
the effect of which is quantifiably negligible when the LMS adaptation stepsize, y, is
sufficiently small. We take a different approach. Under the assumption that u is suffi-

ciently small, Averaging Theory is applied in Section 4 to obtain an ‘averaged’ system
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Figure 3.1: LMS adaptive FIR filter in parallel with time invariant unknown channel.

equation, the dynamics of which approximate closely and are considerably simpler to
analyze than those of the original system equation. In Section 5 we propose a cost
function which provides a suitable measure of the expected convergence rate of the
averaged system. In Section 6, we analyse the dependence of this cost function on
filter parameter dimension and input signal autocorrelation under the condition that
u is fixed. Particular attention is given to input signals described by autoregressive
(AR) processes, since such processes are typically used to model voiced speech. The
cost function is shown to depend explicitly on the AR parameters. In Section 7, after
the review of asymptotic results, we extend the results of our transient performance

analyses to the case in which u is adjusted to maintain asymptotic performance.

So as to complete the analyses, we have also analysed the effects of filter dimension
and signal characteristics on the error arising due to the averaging approximation.

This averaging error analysis is given in the appendix at the end of this chapter.

Note: For easy reference, a listing of the assumptions made in this and other chapters

is given in Appendix I.
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3.2 System Description

Throughout this chapter we consider the LMS adaptive FIR filter in the parallel con-
figuration of Figure 3.1. This is the typical set-up for echo cancellation. In the context
of echo cancellation, the unknown channel represents the circuit or acoustic echo path.
The adaptive filter represents the echo canceller being used to estimate the echo path.
At sampling instant k: the input signal u(k) represents the signal received from the
far end of the network; the disturbance signal s(k) represents the signal transmitted
by the near end subscriber; the output y(k) represents the signal transmitted to the
far end subscriber. The signals u(k) and s(k) may include speech and/or noise. The

signal u(k) may also include echo generated by the far end subscriber.
We make the following assumption regarding the unknown channel and adaptive filter.

Assumption 1 (i) The unknown channel is time invariant and is adequately mod-

elled by an n-tap digital FIR filter with tap coefficient vector
8= (80 61 62 ... 0,1)T. (3.1)

(ii) The LMS adaptive FIR filter also has a tap length of n and at sampling instant

k has the tap coefficient vector
B(k) = (bo(k) 81(k) ba(k) ... bnv(K))T. (3.2)
(iii) The tap coefficients of the LMS adaptive FIR filter are initially set to zero

g:(0)=0, i=0,1,2,..,n—1.

Remark:

1. The assumption that the adaptive filter and unknown channel have equal tap
lengths is made, basically, for ease of analysis. The results of the analyses can
be easily extended to the case in which the adaptive filter is ‘longer’ than the
unknown channel. A ‘shorter’ adaptive filter, however, leads to biased asymp-
totic estimation of the unknown channel. This undermodelling bias is in addi-
tion to any bias introduced by the correlation characteristics of the input and
disturbance signals. Under some circumstances, such as in the closed loop con-

figuration of telephone networks, the existence of this additional source of bias
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increases the possibility of instability. As long as such instability does not occur,
then the results of the transient performance analyses obtained in this chapter

can be extended also to this ‘shorter’ adaptive filter case.

2. Zero initial conditions for the adaptive filter typically are chosen in practice.

By introducing the n-tuple input signal vector:
U(k) = (u(k), u(k —1), ..., u(k —n+1))T
we obtain the following expression for the output signal:

y(k) = (8- 8(k)TUK) + s(k)
O(k)TU (k) + s(k) (3.3)

where (k) = 0 — 6(k) is the residual filter parameter vector. Good estimation (or in
the case of echo cancellation, good echo cancellation) results when f(k) = 0. Using the
LMS algorithm for adaptation leads to the following update equation for the residual

filter parameter vector:

Bk+1) = B(k) = py(R)U(K)
(I - pURU(KY)B(R) - pU(R)s(R), 6(0)=8  (3.4)

where p is the update stepsize. Equation (3.4) describes the dynamics of LMS adap-
tive FIR filter system.

Remark:

3. For stability and asymptotic performance reasons, u is chosen typically to be

very ‘small’ (see Assumption 6 and Remark 7).

The following assumption makes the application of (deterministic) Averaging Theory

feasible.

Assumption 2 The input, u(k), and disturbance, s(k), signals are zero mean, bounded

and stationary so that the limits:

A N-1+ko
R. S E(URUKT) = dim 1/N S UKRU k)T, Vko
=] k=ko
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N—1+kg
P & E(U(K)s(k)) = lim /N3 U(k)s(k), Vko

e k=ko
A N—1+kg

o = Jim 1/N > u(k)?, Vko
k=ko
N—-1+kq

: 2
o? Jim 1/N kgﬁ s(k)?, Vkg

>

ezist for all m, where m =length of U(k) = (u(k) u(k — 1) ... u(k — m + 1))7.
We also make the following assumption to simplify the analysis.

Assumption 3 The input and disturbance signals are uncorrelated with each other

over time: N1

Jim 1/N k; u(k —)s(k)=0, Vi
that is, P, = 0.
Remark:

4. Recall that in the application of echo cancellation, u(k) contains the far end
speech signal, spg(k), and, possibly, a delayed and attenuated version of the
near end speech signal, syg(k), resulting from incomplete far end acoustic echo
cancellation. Assumption 3 will be valid if sy g(k) and spg(k) are uncorrelated
(which is typical of speech) and if the autocorrelation length of syg(k) is less
than the delay associated with travelling the full network loop (NE — FE —
NE). This remark is addressed in more detail in Chapter 4.

Assumption 4 The input signal, u(k), is such that the autocorrelation sequence {ri}:

N-1

rj = A}_iflool/N > u(k)u(k-j), j= ..—2,~1,0,1,2 ..
k=0

is absolutely summable:

i |7‘j| < ®©

Jj=—o00
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Remark:

5. Assumption 4 guarantees the existence of the power spectrum &,,(w) of the

input signal.

Assumption 5 The power spectrum ®,,(w) of the input signal is positive definite:

Quu(w) >0, 0fw<2r

Remark:

6. Assumption 5 implies that the input signal covariance matrix R, is positive

definite for all dimensions, n.

Assumption 6 The update stepsize is such that:

1 A 1 < 1
no? Tr(Rn) =~ Amaz(Rn)

where Tr(.) = Trace(.).
Remark:

7. Assumption 6 is not at variance with typical choices of y in practice. In partic-
ular, the validity of Assumption 6 guarantees stability of the averaged system
and, generally, guarantees that the dynamics of the second order moments of
6 also remain stable. These stability issues are addressed in more detail in the

next section.

3.3 Review of Transient Performance Analyses

The dynamics of the LMS adaptive FIR filter in the parallel configuration of Figure
3.1 have been studied by numerous authors (e.g. [69], [30], [70], [71], [72], [28], [8],
[73]). A common feature of these studies is that they indicate that the transient
performance or convergence rate is linked to the eigenvalues, A;, of the n X n input

signal autocorrelation matrix, R,, where n is the tap length or parameter dimension
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of the FIR estimator. This indicates a strong dependence of convergence rate on
the second order moments or, equivalently, on the autocorrelation function of the
input signal. It also suggests a dependence on the parameter dimension, n, of the
FIR filter. The existence of this dimension dependence is supported in very general
cases by Vapnik and Chervonenkis theory [74] which leads us to expect a penalty on

convergence rate with an increase in filter parameter dimension.

Despite the apparent existence of these input signal and dimension dependencies of
convergence rate, few studies have attempted to quantify them. Many instead attempt
to determine bounds on the LMS adaptation constant g to ensure stability and/or
the value of u which optimizes the convergence rate. The results vary depending on
the assumptions made and approach taken. Earlier analyses considered convergence
of E[||6(k)||3] or convergence in the mean (where ||.]|; denotes the Euclidean norm),
while more recent analyses consider convergence of E[#(k)8(k)T] or convergence in
second order moments. The latter approach, because it takes into account variations
around the mean, necessarily leads to toﬁgher restrictions on u to ensure stability. A

summary of some of these results is given in Table 3.1.

Table 3.1: Optimal Convergence Value of and Upper Stable Value of 4.

| Approach | Input Conditions | Optimal, u” | Upper Stable |
Type 1 [30],[28] b < 1/Amaz(Rn)
Type 2 [7],[28],[70] | Gaussian white 1/[(n + 2)o?] < 2u"
Type 2 [28] white kurtosis= v,, | 1/[02(n — 1+ 1,)] p < 2u*
Type 2* 8] no/ E[||U(K)|I3] p< 2t
Gaussian not/[(no2)? + 2Tr(R?)]

Type 1: Convergence in Mean, E[||8(k)||2]; }
Type 2: Convergence in 2"¢ order moments, E[f(k)8(k)T]. This approach assumes
that the input signal vectors U(k) are i.i.d..

* Disturbance assumed to be white.

It must be emphasized that in analysing the convergence in second order moments,
all studies to date make the assumption that the input signal vectors U(k) are inde-
pendent and identically distributed. This assumption, which is not valid since U(k)
and U(k — 1) have n — 1 elements in common, is reported in [71], [75], [76], [77] to
cause only relatively small errors if the stepsize is sufficiently small. However, this
leads one to question the validity of the results in Table 3.1 for this second order

moments approach. In general, stability requires u to be sufficiently smaller than
that indicated in Table 3.1.
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Remark:

8. Since for Gaussian input signals
Tr(R3) < [Tr(Bn)]?

then, according to Table 3.1, convergence in second order moments for such

signals is guaranteed when

1
H < 3T (&)

Taking into account the error due to the use of the i.i.d. assumption in deriving

the results, a ‘safe’ choice would be that indicated in Assumption 6:

p L 1/(Tr(Rn))

The few authors who have attempted to quantify transient performance have consid-
ered one of two transient performance measures. The measure proposed in [70] is a
convergence cost function similar to that of (3.15) in Section 5. However, it is noted
that this cost function depends on the unknown channel vector §. Consequently,
besides determining an optimal convergence rate value for u, analyses of this cost

function are not carried out.

In [28], [30] quantitative analysis of the initial rate of convergence (in the mean) is
attempted by proposing as a measure, the effective initial time constant 7 defined as
the time constant of the ‘learning curve’ e(k) = E[(8(k)TU (k) + s(k))?]:

[(0) — e(c0)]e™/T = [¢(1) = (o0)]

As in other analyses, n different modes of convergence are shown, in general, to exist.
In [30] the analysis is simplified by considering only the case in which the input signal
is white for which case the time constant is given by
1
po

This indicates no dependence of convergence rate on dimension.

T =

(3.6)

To enable quantitative analysis, [28] chooses to examine the case in which the unknown
channel vector @ is uniformly distributed among the eigenvectors of the input signal

autocorrelation matrix R,, so that:

Tr(R2
1Ra0113 = T ) g (1)
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The result is that, if u is sufficiently small such that 4 < 1/Apaz(R), then:

2
= 2uoi(1+p) (3.8)
where p = 03/A2,,
02 = variance of eigenvalues of R,
Aave = mean of eigenvalues of R,

The result of (3.8) indicates that the convergence rate is input signal dependent and,
in particular, increases with the spread of the eigenvalues of R, as measured by p.
Since 0 < p < n — 1, then the result of (3.8) also suggests that convergence rate is

dependent on dimension. This dimension dependence vanishes when p = 0, that is,

when the input signal is white.

The above results indicate that, for fixed u, a greater dimension may penalize the
convergence rate. Furthermore, this penalty may be input signal dependent. In the
following sections we carry out analyses to quantify these suggested dimension and

input signal dependencies of convergence rate.

3.4 Averaged System Equations

In this section we apply the Averaging Method, as presented in [78] and as discussed
in Appendix B, to (3.4) to obtain an equation which approximates its dynamics and
is considerably simpler to analyse.

Application of averaging to (3.4) yields:

6°°(k+1) = (I-pR,)8%(k), 6°(0)=20 (3.9)
(I — uR,)F+0 (3.10)

Remark:

9. The application of averaging relies on p being sufficiently small such that the
residual parameter vector A(k) is slowly time varying in comparison to the input
u(k) and disturbance s(k) signals. As a result of this separation in time scales,
we can approximate (3.4) with that in which the variations in 8(k), due to u(k)

and s(k), are averaged out.
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Assumptions 5 and 6 guarantee that:
§°*(k) — 0, or, equivalently, 9“”(1@) — 6, exponentially (3.11)
that is, good asymptotic performance of the averaged adaptive filter system.

The solution, é‘“’(k), of the averaged equation of (3.9) or (3.10) approximates the

solution, (k), of the original equation within the averaging error:

16(k) = 6° (k)| = O(8(n)) (3.12)
where:
Ktk )
6(u)=supsup sup ull S (UHUHT - B - s(UG]  (313)

ko 6eD kE[OiL/“) i1=ko

with L independent of p and D = {6 :|6]| < ||6]|}-

According to (3.13), the averaging error increases with p, or alternatively, approaches
zero as p — 0. Thus, for sufficiently small y, the averaged system approximates the
original system sufficiently well. This claim is quantified in the appendix at the end

of this chapter.

3.5 Convergence Cost Function

In this section we propose a cost function, which provides a measure of the ‘expected’
convergence rate of the averaged system. The meaning of ‘expected’ will be elaborated

upon.

A measure of performance at sampling interval k is given by the squared Euclidean

norm of the parameter error:
8\ jav
Cr = |16 (k)I13/116113

To enable analysis of overall performance we need to define a cost function which
provides a suitable measure of the convergence of Ci to zero (assuming (3.11) is

true). Consider the function

N
A gav :
Con = Y |16°°(R)I13/116115- (3.14)
k=0

Co,n is nondecreasing in N and, provided (3.11) is true, as N approaches infinity,

Co,v will approach a constant, the value of which is dependent on the convergence
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rate. Therefore, a suitable convergence cost function is:

C 2SR/ 61 (3.15)
k=0

Similar cost functions have been proposed by other authors such as [70]. It can be
interpreted as a (normalized) measure of the total power, over time, of the residual

filter parameter vector, §°(k).

By combining (3.10) and (3.15) we obtain:

C = Y|l - pR) 613/110/3 (3.16)
= Y Y- w2 (317)
t=0i=1 1l
where A; and v;(8), i = 1, 2, ..., n, are the eigenvalues of R,, and the components of

@ in the directions of the eigenvectors of R,, respectively. Note that the eigenvectors

of the symmetric matrix R,,, because of their orthonormal property, do not appear in
(3.17).

Clearly, for a given input signal autocorrelation matrix R, the value of C depends on
“the orientation of the unknown channel vector, 8, with respect to the eigenvectors of
R,,. For example, for a given input signal, if 6 lies along the direction of the eigenvector
corresponding to a large/small eigenvalue of R, then C will be large/small, that is, the
convergence rate will be fast/slow. Qur primary aim is to determine how convergence
rate is affected, in general, by the filter dimension and input signal autocorrelation.
To this end, we consider the ‘expected’ convergence rate over an ensemble of systems,
each having the same dimension and input/disturbance signals, but differing in the
coefficients of their unknown channel vector, . Considering (3.16), (3.17) a measure

of the expected convergence rate is therefore given by:

k
c. 2 E[Z{“—(Hf;%% _ Y- EEDy (s

prars prarSios 116113
If we assume that # has a flat distribution over the ensemble then:
72(6) 7(6) 1
E E = - 3.19
o) = Bt @) = a (3.19)

Combining (3.18) and (3.19) leads to:

Ce = —22(1 )% (3.20)

k=0 1=1
1 z 1 Z":
1=1 uA‘ 2n

(3.21)
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Since, from Assumptions 5 and 6, 1 <2 - pA; < 2, i=1,2,...,n, then
1 S R | 1
2nuTT(R" )+ 1< Ce < 2WTT(Rn )+ 5 (3.22)
In general, for sufficiently small y, the additional terms 1/4 and 1/2 on the LHS and
RHS, respectively, of (3.22) are negligible in comparison to:

a1 -
Ce = in—;L-TT(Rnl) (323)
Assuming sufficiently small y1, we propose C, of (3.23) as a transient performance cost

function, the analysis of which follows.

3.6 Cost Function Analysis

In this section we analyse the cost function C, of (3.23) under the condition that p
is fixed. This determines how the ‘expected’ convergence rate of the averaged LMS
adaptive filter system is affected by the characteristics of u(k) and the dimension, n,
of the adaptive filter. In the next section we consider the case in which y is adjusted

-to maintain asymptotic performarce.

We begin by analysing the convergence cost function for signals which satisfy As-
sumptions 2-6. This is followed by analyses for a smaller class of input signals - those

described by autoregressive processes.

Theorem 1 Consider an averaged LMS adaptive FIR filter system, the dynamics of
which are described by (3.10). Let n be the dimension of the FIR filter and C. be the
expected convergence cost functions defined in (3.23). Suppose Assumptions 2-6 of
Section 3.2 are valid. Then,

C. is a nondecreasing function of n and, furthermore, is a nonincreasing function of

n only when the input signal is discrete white or uncorrelated over time.

Proof: See Appendix F.1.

Theorem 1 leads to the following important result.

Result 1 Unless the input signal, u(k), is discrete white, the ezpected convergence

rate will deteriorate with increasing dimension, n.
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Theorem 1 also leads to the conclusion that, for a given input signal and dimension
of our adaptive filter system, the convergence cost function of (3.23) is bounded from

above by:

C, < tim T 2 0 o) (3.24)

— n—oo 2“17,

The following Theorem extends the work by Gray [59] to obtain this bound.

Theorem 2 Consider an averaged LMS adaptive FIR filter system, the dynamics of
which are described by (3.10). Let n be the dimension of the FIR filter and C. be
the expected convergence cost functions defined in (3.23). Suppose Assumptions 2-6
of Section 3.2 are valid. Then for a given input signal and dimension, C. is bounded

from above by:

11 ~
Ce S ﬂ% . @uu(w)dw = Ce(OO) (325)

where ®_}(w) is the power spectrum of the input signal.

Proof: See Appendix F.2.

Any input signal dependence of Cc(00) arises from the integral:

Al [m
L,= — &1 (w)dw }
57 | Bm() (3.26)

Note that, as can be seen by comparing (3.24) and (3.25), this integral is actually
limy,,oo[Tr(R;1)/n]. The following Lemma determines, for a given signal power, the

signal condition which minimizes this integral.

Lemma 1 Consider a function ®,,(w), -7 < w < 7. Suppose the function is
constrained by:

(a) Dyy(w)>0 Vw

(b)

1 [ 2
[ duyo= ot (327)
Then, the integral:
1
- /_ ol (3.28)

is minimized by Byu(w) = 02, Vw.

Proof: See Appendix F.3.
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Lemma 1 leads to the important result.

Result 2 For a given input signal power, the asymptotic (in n) ezpected convergence
cost function, Ce(00), is minimized when the input signal has a flat power spectrum,

or, equivalently, is discrete white.

Remark:
10. This result is clearly in agreement with Result 1.

The term L, of (3.26), in fact, can be interpreted as a measure of the autocorrelation
of u(k). To see this let A(w) be a filter which transforms u(k) into a discrete white

signal of variance o2. It follows that:

Lo = [t/2x [ |AGw)Pdel/o?

So L, is a measure of the filter power required to whiten or decorrelate the signal

Result 3 For sufficiently large dimension, n, ( or, more formally, in the limit as
n — o0) the expected convergence cost function C, increases with input signal auto-

correlation.

Summary:

(i) The expected convergence cost function, C,,

(a) is independent of dimension, n, when the input signal is discrete white;

(b) increases with dimension when the input signal is autocorrelated (i.e. not
discrete white).
(ii) As dimension increases, C, increases towards a finite value Ce(o0) = limy o0 Ce,
which ,

(a) is minimum for discrete white input signals;

(b) increases the more the input signal is autocorrelated.

3.6.1 Analysis for Autoregressive Input Signals

In this section we analyse the influence of dimension and input signal characteristics

on the cost function C, for the particular case in which the input signal is described
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by an autoregressive (AR) model. Such models are typically used for voiced speech
and, therefore, are of particular interest to the area of adaptive echo cancellation. We

will use the following model:

u(k) = Zé-_—ljw(k) (3.29)

where:

Al =14+a1g7 ' + axg7 2+ ... + apq7?,

w(k) is a discrete white zero mean signal of variance:

4 1
o? =1 27r/ ] 3.30
(/2r [ (3:30)
The variance of w(k) as given by (3.30) leads to u(k) having unit variance.

Remark:

11. As is implied by (3.30), o2 is dependent on the AR parameters of the input
signal.

As commented in the previous subsection, a measure of the correlation within such a

signal is given by:

Lo =[1/2r /_" |A(w)[2dw)/0? = (1 + a2 + a2 + ... + a2) /o (3.31)

The following Theorem quantitatively relates the expected convergence cost function,
Ce, with dimension and AR parameters of the input signal.

Theorem 3 Consider an averaged nt® dimension LMS adaptive FIR filter system,
the dynamics of which are described by (3.10). Suppose the signal, u(k), being input
to the filter system is described by the pt* order AR model of '(3.29). Then, for n > p,
the cost function, C., of (3.23) is given by:

o1 2 4 2p
Ce= g7l +(1- —ai+(l-~a))+..+(1-)al/o?, Vn2p (332

where o? is as defined in (3.30).

Proof: See Appendix F.4.
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Remark:

12. Using an extension of the Levinson algorithm, an iterative relationship can be
developed to obtain C, as an explicit function of a;, » and p also for 1 < n <
p — 1. However, such a relationship is relatively complicated and provides little

insight into the dependence of C on dimension and input signal autocorrelation.

13. Typically, the order of the AR model for voiced speech is relatively small (p =
10 — 20). So, in the application of adaptive echo cancellation, in which the filter
dimension, n, is considerably larger (n = 100 — 2000), the condition in (3.32)
that » > p is not particularly limiting.

14. The cost function C¢, as given in (3.32), depends on the AR coefficients not
only through the bracketted ‘[ ]’ term but also through o2. By applying the
iterative procedure indicated in [79], an explicit expression relating o2 to the
AR coefficients can be obtained. For example, for p = 2:

a
o2 = (1 —al) {1 ~GTar +1a2)2]
The expression for o2, however, becomes increasingly more complicated as the
AR model order increases beyond p = 2. Consequently, as p increases it becomes
more difficult, if not impossible, to gain insight into the general effect of the AR
coefficients on ¢2. It is worth noting, however, that for AR modelled voiced

speech, o? is, typically, considerably smaller than unity.

The result of (3.32) indicates that:

1
lim C. = 5;[1 +ai+a;+..+al]/o? (3.33)

n—oo
So for sufficiently large dimension, C,. is determined by, and increases with the auto-
correlation measure L, = [1+a} +a} + ...+ a2]/o? of the input signal. Clearly, (3.33)

is in agreement with the result of Theorem 2.

The variation of C, with dimension, =, is easily verified from (3.32) to be:

1 a} + 2a3 + ... + pal

A
Ce(n + 1) - Ce(n) = ApCe = #n(n + 1)[

= ] (3.34)
As expected, A,C, is positive, that is, C, increases with dimension, n. A loose link
between the effect of n on C¢, as measured by A,,C,, and the autocorrelation level of
the input signal, as measured by L, is indicated by (3.34):
L, 1 pL,
_—< <
pn(n +1) = AnCe+ pn(n +1)o2 = un(n + 1)

(3.35)
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This suggests that the adverse effect of n on C. may increase with autocorrelation
level, L,, and AR model order, p, of the input signal. A direct link can be achieved
by considering input signals described by the first order AR (AR1(a)) model:

u(k) = 1—%qu(k) (3.36)
where:
a€(-1,1);
w(k) is a discrete white zero mean signal of variance 0% = 1 — a?.
Note that the variance of u(k) is unity. The parameter a provides a measure of

autocorrelation of u(k) not only through the relationship of (3.31):
Ly=(1+a*)/(1-a?),
but also through the expression for the autocorrelation function of u(k):
n= lim = 5_: w(k)u(k - 1) = al'l.
That is, a larger value of |al, or a2, leads to a broader autocorrelation function /greater
autocorrelation length. ‘

Applying (3.32) we obtain:

1 1+(1-2)d?
= —|—m————r > .
Ce 2“[ T , n>1 (3.37)
According to (3.37), the cost function C. for an AR1(a) input signal increases with
dimension, n, and with the input signal autocorrelation factor a?. In fact, it can be

easily verified that the variation of C, with n and a? is given by:

1 a?
AnCe = un(n + 1)[1 - azl (3.38)
doC, & dCda(za) = u[ = ](“1/2’)’2] (3.39)

Both d,Ce and A, C. are positive. Furthermore, A,C, increases with a? and d,C.

increases with n. This leads to the following result.

Result 4 For AR1(a) input signals, the expected convergence cost function, Ce, in-
creases with dimension, n, and with a?, or input signal autocorrelation. The adverse

effect of dimension on C, is accentuated by higher input signal autocorrelation and

vice versa.
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Figure 3.2: Plot of Tr(R;!)/n vs n for AR1(a) input signals.

This result is supported by the plots in Figure 3.2 of

Tr(R;Y) 1+ (1-2/n)d?
n - 1—a?

over n for various values of a.

Figure 3.2 indicates that for AR1(a) input signals the adverse effect of dimension on
C. diminishes rapidly with n. The expression for A, C, given in (3.34) indicates that
the effect of n will also diminish for higher order AR input signals (more typical of
voiced speech). A comparison between the expressions of A,C. for AR1(a) inputs,
(3.38), and higher order inputs, (3.34), however, indicates that the diminishing effect
for higher order AR inputs may not be as great as for AR1(a) inputs. This is also
suggested by Figure 3.3 which includes plots of: \

_____TT(F) =[4 (1= a4 (1= Zad) 4+t (1~ Dya)o? (3.40)

for the AR vectors:
AR1 =11, 0.9); AR2 =1, 0.9, 0.9%, ..., 0.95]; AR3 =11, 0.9, ..., 0.9%°]. (3.41)
Through the application of the Yule-Walker method [80], the AR parameters for three

different unit variance voiced speech segments were obtained. These are included in

Table 3.2 together with the corresponding values for L,, the autocorrelation measure
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Figure 3.3: Plot of Tr(R;;1)/n vs n for AR inputs generated by the AR vectors of
(3.41).

of (3.31). Figure 3.4 includes plots of Tr(R,jl)/n as given in (3.40) for these AR
parameter sets. The plots indicate that as the dimension increases the expected
convergence rate for the voiced speech inputs becomes considerably poorer than for
discrete white inputs of the same variance - T+(R;1)/n = 1, Vn. This is due directly

to the greater value of the autocorrelation measure
T -1
Ly, = lim Tr(R; )/n
for the voiced speech.

Figure 3.4 also indicates that the effect of n diminishes as n increases and, in particu-
lar, suggests that the effect of increasing » will become insignificant for n > ng = 100.
However, it should be remembered that Figure 3.4 shows plots of Tr(R;1)/n ~ 2uC.
and, therefore, only a small change in 7'r(R;1)/n may still lead to a significant change
in Ce, particularly for sufficiently small u.
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Figure 3.4: Plot of Tr(R;!)/n vs n for AR inputs of Table 3.2.

Table 3.2: Voiced Speech AR parameter vectors - used for Figure 3.4.
| AR filter | AR coefficients (1, ay, ag, ..., ay) | L, |
Al 1.0, -1.6559, 1.6588, -1.0009, 0.7491, -0.4902, 0.4537, | 122.9
-0.1718, 0.2451,-0.1751, 0.0673
A2 1.0, -1.7480, 1.2405, -0.5314, 0.6742, -0.3161, -0.2506, | 306.4
0.0494, 0.5712,-0.3844, 0.0743
A3 1.0, -1.7466, 1.3329, -0.5290, 0.4849, -0.4553, 0.0704, | 195.1
0.4252, -0.0569, -0.3278, 0.2077

Summary of AR Signal Analysis:

(i) For first order AR (AR1(a)) input signals:

(a) The convergence cost function C, increases with the filter dimension and the
input signal autocorrelation;

(b) The adverse effect of dimension on C, is accentuated by higher input signal

autocorrelation and vice versa.

(ii) For higher order AR input signals:
(a) The convergence cost function C, increases with dimension, n;

(b) As n — o0, C, increases towards C¢(c0), the value of which increases with

input signal autocorrelation;

(c) The rate at which C, increases with n is dependent on the AR coefficients

and, in particular, will tend to increase with input signal autocorrelation level and
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AR model order.

(iii) In general for AR input signals, the adverse effect of dimension, n, on C, dimin-

ishes with increasing n.

(iv) For AR modelled voiced speech inputs, the values of C, indicate considerably
poorer expected convergence rates than for discrete white inputs. This is due directly
to the higher autocorrelation levels of voiced speech. The adverse effect of n on C,
diminishes with increasing n, although the adverse effect may remain significant for

relatively large n.

3.7 Asymptotic Performance Analysis

A number of studies have essentially quantified asymptotic performance of the LMS
adaptive FIR filter in the configuration of Figure 3.1. In this section, rather than

attempt to carry out our own asymptotic analysis, we review the results of some of

these previously conducted analyses.

. Note that we are considering the asymptotic performance of the original LMS adap-
tive FIR filter system, as opposed to the averaged system. Although the averaged
parameter vector §¢(k) — 0, estimation noise causes the original parameter vector

6(k) to converge to a nonzero vector.

A measure of asymptotic performance is given by
i 278 ] 2
Efll6(c0)ll2] = lim Ef[[6(K)I[3] ' (3.42)

where |.||2 is the Euclidean norm. This measure is obtained by studying the evolution
of E[8(k)8(k)T], the second order moments of §(k). In order to do this quantitatively,

however, it is necessary to invoke the following input signal independence assumption.

Assumption 7 The input signal vectors U(k) are independent and identically dis-
tributed. '

As commented previously, this assumption is not satisfied in the case of an LMS adap-
tive FIR filter system since Ug and Uk_q have n — 1 elements in common. However,

the errors due to the use of this assumption are relatively small if yu is sufficiently
small [71], [75], [76], [77].
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A summary of the quantitative results obtained to date for the performance measure
of (3.42) is as follows. Note that we do not call upon the validity of Assumption 6
immediately.

Summary of Asymptotic Analysis Results
Consider the LMS adaptive FIR filter system introduced in Section 3.2. Let 0% and
o2 be the variance of the input signal and disturbance signal, respectively.
(a) Suppose Assumptions 1-5, 7 are valid and that p is sufficiently small so that the
system is convergent.
(b) If ,in addition, to Supposition (a)

(1) the input signal is Gaussian;

(i1)the system satisfies the stationarity condition;

E[B(k +1)6(k + 1)T] = E[8(k)6(k)T) VK (3.43)

(#ii) the LMS update stepsize is sufficiently small such that Assumption 6 is valid:

u < 1/(no?) (3.44)

‘then as derived in [30]
E[|6(c0)I13] = pno? (3.45)
(c) If, in addition to Supposition (a)
(i) the input signal is Gaussian
then as derived in [70], [28]

n n . -1
BN = o? 3 | |2 30 2 (3.46)

i=1 =1
(d) If, in addition to Supposition (a)
(i) the disturbance is i.i.d

then as shown in [8]

» E[U®)E] ™
E[[6(o0) ] = pn? [2 - M} (347)
u
or (i) the disturbance is i.i.d and the input signal is Gaussian
then [8]
-1
Y 2] _ 2 o _ 2 2Tr(R?)
E[||6(c0)I[3] = pno; [2 pnay(l + TrR)? (3.48)
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Under Assumption 6, the RHS of (3.46) and (3.48) can be considerably simplified. In

particular, for (3.46), application of the approximations:

n 1 n
> = D [+ uXi+ 0] = n(1 + pol) (3.49)

=1 1- ”A‘ =1

IS « 2V a1y
vl E[w\z + O(u*A})] = pno; (3.50)
leads to:
~ 1+ po?
E((lfoll2)’) » pnoly—rr (3.51)
2

5 (3.52)

Note the slight difference between (3.52) and (3.45).

Using the fact that:
0 < Tr(R?) < (no?)?

with the result of (3.48) indicates that for Gaussian input signals
-1 ~ -1
pno? [2 - ,unaﬁ] < E[(||0c0ll2)?] £ uno? [2 - 3,unoﬁ] (3.53)

This result simplifies to (3.52) when the condition of (3.44) is imposed or Assumption
6 is valid. Finally, (3.47) suggests that when Assumption 6 is valid, the result of
(3.52) should hold for most input signals which are not Gaussian.

It is important to note that the asymptotic results reported above do not depend on
the autocorrelation levels of the input or disturbance signals, but only on the vari-
ance of each. There is, however, a strong link between asymptotic performance and
filter dimension. In particular, asymptotic performance deteriorates with increasing
dimension, n. For sufficiently small x4 such that Assumption 6 is valid, the deterio-
ration is linear in n. When Assumption 6 is not valid, the asymptotic performance

deteriorates at a considerably faster rate with increasing n. .

The above discussion leads to the following result.

Result 5 Subject to the validity of Assumptions 1-7, in order to maintain asymptotic
performance of the LMS adaptive FIR filter as dimension, n, increases, the update

stepsize p must be reduced linearly with n:

0 .
u= —E—2, where pg ts a constant.
no

8§
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Remark:

15. A simplified interpretation of the NLMS algorithm is that it is the LMS algo-

rithm with g normalized via

KUNLMS = BLMS
no?

u

This suggests that the NLMS algorithm shows a similar dimension dependence
to the LMS algorithm in which u = prprs is adjusted to maintain asymptotic

performance.

Adjusting p according to Result 5 leads to the convergence cost function C, taking

the form:

Csss é Ce(# — /-‘0/(”0'3)) @ [T’r(R;l)]

2u0 n
2
~ B
® L, forlarge n (3.54)

where L, is the measure of input signal autocorrelation as given in (3.26), (3.31).
. Thus, for sufficiently large n, C2*° increases linearly with n. For the case in which the

input signal is an autoregressive process, then, as indicated by (3.32), C2*° increases

linearly with n, for all (positive) n:

2
o?
2#0] L, foraln (3.55)

ARC2* = [

It is clear from (3.54), (3.55) that the adverse effect of increasing n depends strongly
on the autocorrelation level of the input signal. This is demonstrated in Figure 3.5
which shows plots of

n—TT(f;I) = Tr(R;')

for unit variance signals generated by the three autoregressive filters of Table 3.2. The
plot for a white signal of unit variance can not be discerned from the horizontal axis,
since for such a signal Tr(R~!) = n. In particular, when u is adjusted to maintain
asymptotic performance, the cost function for these AR input signals increases with

n at a rate of 100-300 times as fast as that for a white input signal of equal variance.

The above discussion is summarized by the following.

Result 6 (i) When u is adjusted to maintain asymptotic performance, the conver-

gence cost function increases (the expected convergence rate decreases) essentially at
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Figure 3.5: Plot of Tr(R;!) vs n for AR inputs of Table 3.2.

a linear rate with increasing n.
(i1) The rate of increase is proportional to the autocorrelation level of the input signal.
(iii) The rate of increase is of the order of 100 times greater for voiced speech input

signals than for white input signals of the same signal variance.

3.8 Conclusion

This chapter analysed the influence of filter parameter dimension and input signal
autocorrelation on the convergence rate of an LMS adaptive FIR filter to a time
invariant FIR modelled unknown channel. Averaging Theory was used to simplify the
analyses. The convergence rate of the averaged system was shown to be dependent
on the initial conditions of the adaptive filter system. Supposing that all initial
conditions have equal probability, we proposed that a suitable measure of the expected
convergence rate over an ensemble of initial conditions is provided by the cost function

‘C _ 1 |Trace(R7)
cT 2u n

where p is the LMS update constant, n is the filter parameter dimension and R, is

the n X n input signal autocorrelation matrix.

Analyses for the case in which p is fixed indicated that
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(a) when the input signal is discrete white, the convergence cost function C, is
independent of n;

(b) when the input signal is non-white, the cost function C, increases (the expected
convergence rate decreases) monotonically with dimension n towards a finite value,

which is determined by and increases with the input signal autocorrelation.

When the input signal is described by an autoregressive (AR) model (typically used for
voiced speech) the cost function, C., depends explicitly on the AR parameters, as well
as on dimension and p. Restricting the analyses to u being fixed, it was shown that
for a first order AR modelled input signal, the expected convergence rate deteriorates
with input signal autocorrelation as well as with dimension. Furthermore, an increase
in autocorrelation accentuates the adverse effect of dimension and vice versa. For
higher order AR modelled input signals, an increase in input signal autocorrelation
may also accentuate the adverse effect of dimension. Plots of C, for AR modelled
voiced speech inputs indicate considerably poorer expected convergence rates than for

discrete white inputs. This is due to the high autocorrelation levels of voiced speech.

In general, for fixed p, the adverse effect of n diminishes as n increases, although this
will be less pronounced for higher order AR inputs. This observation is important
because it suggests that for sufficiently large n, an increase in n may not cause a
deterioration in the expected convergence rate. For AR modelled voiced speech inputs,

however, the adverse effect may remain significant for relatively large n.

The cost function was also analysed for the case in which u is adjusted to maintain
asymptotic performance. These analyses indicated that under such circumstances
the expected convergence cost function increases linearly with n, at a rate which is
proportional to the autocorrelation level of the input signal. In particular, for highly
autocorrelated input signals such as voiced speech, when asymptotic performance is
maintained, an increase in n will cause a significant deterioration in the expected

convergence rate, even for large n.
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Chapter 3 Appendix: Averaging Error Analysis

In Section 6 we carried out transient performance analyses on an averaging approx-
imation of the original system. The closeness of the approximation to the original
system, or the averaging error, improves with a reduction of u. The averaging error,
however, may also depend on signal characteristics and/or filter dimension. In order
to generate a confidence level in the relevance of the transient performance analyses
of this chapter, we carry out in this appendix quantitative analyses of the averaging

€rror.

We begin with a brief heuristic analysis. This is followed with a formal analysis
in which we quantify the results suggested heuristically. To enable quantification
- of the effects of dimension and signal characteristics on the averaging error - we
introduce (i) an ensemble, having given properties, and (ii) an expectation operation
of the averaging error over the ensemble. The use of such a combination leads to an
explicit relationship between the expected averaging error and n-dimensional matrices

involving signal moments. Examination of this relationship follows.

Heuristic Analysis

The averaging error vector §%¢(k+ 1) —6(k +1) is an n-dimensional vector. Therefore,
depending on the norm used, the averaging error ||#°?(k 4 1) — 6(k + 1)}| will tend to
grow with n. For example,

limg_.o0 ||9%(k 4 1) — 8(k + 1)||1 grows like n;

limg oo ||0°°(k + 1) — 8(k + 1)}|3 grows like n!/?;
where ||.||; and ||.||2 denote the 1-norm and the Euclidean norm, respectively. The
rate of growth will depend on the signal characteristics.

To determine the signal dependence of the averaging error we Begin by combining the
original and averaged system equations of (3.4) and (3.10) to obtain:

1°°(k +1) =8k + 1)|| = || A28 + Bia| (3.56)
< |l Ak410]] + || Bral| (3.57)
‘where:
Akpr = (1= pR(R)U - pR(k — 1))..(I - pR(0)) - (I - pR)*1  (3.58)
Bepr £ [(I - pR(E)I — pR(k = 1))...(I — pR(1))uP(0) (3.59)
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+ (I = pRE)I - pR(k = 1))..(I — pR(2))uP(1)

+

(I - pR(kYuP(k - 1)
uP(k))
UR)UkYT and P(k) 2 UK)s(k).

>+ +

R(k)

We restrict the heuristic analysis of signal characteristics to the simplified case in
which there is no disturbance, that is, By = 0, Vk. Expanding the RHS of (3.58)

leads to:

k-1

A = {(-pk)[1/k Y_(R(i)- R)}} (3.60)
1=0
k=1 k-1 '

+ {(uk)’[L/E* Y0 3 (RG)R() - RY)]}

i=0 j=i+1

+ o + {(—uk)*[1/E* (R(k = D)R(k - 2)...R(0)— R¥)]}
Assuming p is sufficiently small, then over a 1/u time scale interval:
ke [0,L/p), L independent of u

the averaging error term ||Axf|| will be dominated by:

k-1
(uk)||1/k Y _(R(i)— R)||, on a time scale 1/p
1=0
that is, by the second order moments of r¢; = u(k)u(k — ). Similarly, it can be

shown that over a 1/u time scale, || Bg|| is dominated by the second order moments
of pri = s(k)u(k - 1).

The averaging error term beyond a 1/u time scale:
Aj0, je€[mL/p,(m+1)L/p), m>1

can be written in terms of the 1/u time scale error terms as follows:

Apimrsu® = A(mL/p)nr,, (3.61)
m-—1
+ 3 (I - pRY(I - pR) ™AL, LIy, m2 1, k€0, L/)
1=0
where

Ak(iL/p) = (I—=pR(k—1+4iL/p))(I - pR(k—2+4L/p))..(I- pR(L /1)) - (I - nR)*.
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Thus, beyond a 1/u time scale, the averaging error term ||A;6|| is determined by 1/u
time scale error terms ||AL/u(z’L/u)§(iL/u)]| and by the rate of decay of ||(I— pR)*||.
Equivalently, ||A;6||;>1/, is determined by the second order moments of r¢; and by

the autocorrelation characteristics of u(k).

Similarly, it can be shown that beyond a 1/u time scale, ||B;|| is determined by the

second order moments of r; and of pi; and by the autocorrelation function of u(k).

In summary, these heuristic considerations suggest that, for sufficiently small p, the
averaging error:

decreases with a reduction in y;

increases with dimension »;

depends on the second order moments of 74 ; = u(k)u(k—1) and px; = s(k)u(k—1)

as well as on the autocorrelation characteristics of the input u(k).

Formal Analysis

In this section we quantify the effects of dimension and signal moments on the av-
eraging error, or, more specifically, on the bound given in (3.57). To do this we
consider the expectation of the bound over an ensemble of systems. The ensemble

and expectation operation are described below.

Ensemble

(i) Each system is n-dimensional.

(ii) The input signal in all systems is a stochastic process defined on the same ergodic
probability space (Qy, X, Py).

(iii) The disturbance signal in all systems is a stochastic process defined on the same
ergodic probability space (s, X5, Ps).

(iv) The Euclidean length of the unknown channel vector ||8||; is the same in each

system.

(v) The unknown channel vector, 8, is uniformly distributed around the n-dimensional

hypersphere of radius ||8||2.

Expectation Operation

E[Eq[||6(k + 1) — 6 (k + 1)||]] < E[Eq[}| A46|:]} + E|| Bi|2] (3.62)
where:

Eg[.] is the expectation with respect to 6;
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E[.] is the expectation with respect to the input and disturbance signals.

Remark:

16. Without a-priori knowledge of the unknown channel vector 6, we should assume

that # has equal probability of lying in any direction, hence the inclusion of
property (v).

17. The bound on ||8(k + 1) — §**(k + 1)||, as given in (3.57), is dependent on the
orientation of @ with respect to the eigenvectors of Ax. This dependence is
not of interest to us. Instead, we are interested in how dimension and signal
characteristics, in general, affect the averaging error. The approach we take to
enable analysis of this general effect is to take the expectation of the averaging

error with respect to 6.

The following Theorem provides a bound on each of the error terms
E[Eg[||Axfll2]], ETl|Bxllz]
The result involves the Hilbert-Schmidt norm ||.||gs defined as follows.

Let A € R™*" and let a;; be the ij** element of A. Then

Tr(ATA)] 12 _ [Z?:l 2i=1 a?j] 12
n

n

|Allas = [

Theorem 4 Consider the original LMS adaptive FIR system and the averaged LMS
adapted FIR system described by (3.4) and (3.10), respectively and Assumptions 1-6.
Let ||.|l2, ||-lliz and ||-||as be the Euclidean norm, the induced Euclidean norm and
the Hilbert Schmidt norm, respectively. Let Ay and By be as defined in (3.58) and
(3.59), respectively and Ag(ko), Bi(ko) be defined as:

Ax(ko) & (I—pR(k -1+ ko))(I — pR(k - 2+ ko))...(1 — pR(ko)) — (I = uR)¥
Be(ko) & [(I - pR(k =1+ ko))(I — pR(k = 2+ ko))...(T = pR(L + ko))uP(ko)

+ (I = pR(k =1+ ko)) = pR(k = 2 + ko))...(J — pR(2 + ko))uP(1 + ko)

o

+  (I-pR(k—1+ko))uP(k — 2+ ko)

+ wP(k-1)]
Suppose

sup || Aklliz + (1 = BAmin(R)F/* < 1 (3.63)
k€l0,L/u)
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Then over the ensemble described by ensemble properties (i)-(v):

k
E[Eg[||Akbll2)) <  sup pE[|Y_ R(!) - Rllas]l6ll2 (3.64)
ke[o,L/u) =0
L/u2 = (L= pmin(R))E/
X {(1 + 2ﬂﬂ) # 1— (1 _ #Amin(R))L/u
k
E[||Bxll2] < sup wE[|>_ PD)ll] (3.65)
ke[o,L/u) I=0
Lin 2 — (1 = pAmin(R))M/* }
x {(1 O ey 1A a2 — (1 — BAmin (R))ET7
where:

g = SlllcP”R(k)“n:S‘;PTmce(R(k))

EV2|| P(K)| 3] supiepo,o ) BVl Zioo R(Y) — RIIE

G =
' B subkero,z/u Elll Tieo P2
Therefore
sup E[E[|[d(k) = 6**(k)]|2] = O(1(k)) + O(ds(w)) (3.66)
- where
k
si(w) £ sup pENSR()- Rlims)ifls, (3.67)
ke[o,L/p) =0
k
Ss(w) 2 swp wE(||S. PO)|l2] (3.68)
kelo,L/u) =0

and E[Eq[||f(k) — 62¥(k)||2] is the averaging error measure defined in (3.62).

Proof: See Appendix F.5.

Remark:

18. For sufficiently small y, the supposition of (3.63) will be valid.

19. When p satisfies the stronger constraint (than that imposed by Assumption 6):

pLp ~ (3.69)

we have

(1+28u)2/% = €2F, (1 = pAmin(Rn))H/* 0 e=EAmin(Rn)
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The bracketted { } term of (3.64) is then

(1 . L/u 2LB
L/,u2 (1 H)\mm(R)) ~ €
{(1 ) T i man(R)ET |~ D@ — 1

which increases with §/[Amin(Rn)], or, essentially, the eigenvalue spread of Ry,.
A similar result holds for the bracketted { } term of (3.65).

The result of (3.66) indicates that, for sufficiently small x, the averaging error depends
on the second order moments of

k k
doulu(G =0, Yos(ul =1, 1=0,1,,n=1, k€ [0,L/u).
j=0 7=0
This is in agreement with the heuristic analysis results of the previous subsection.

Rather than analyze 6;(x) and é3(p) we will analyze the closely related terms

b2(p) = 81(n), ba(p) 2 83()

defined by:
: k
65(0) = sup pE? [HZR(O—RH%IS] (3.70)
ke[o,L/p) =0
k
bs(u) = sup pEV? [IIZPU)II%] (3.71)
kef0,L/u) 1=0

The decision to do this is primarily for ease of analysis, but is validated by the
following argument. The bound 83(p) > 6;(p) will become tighter as the variation

over the ensemble of

| Zio BY) — Rllns
E (|| o B() - Rllas]

reduces. It is expected that, because of the smoothing effect of the summation within

the numerator of this term, the variation will reduce as k increases. Now, as we shall

see, 0z(p) is essentially determined by

k
pEY? [|| S R(H- R||},S} with k = L/p.
=0

Consequently, if p is sufficiently small, then the bound é2(x) > 61(p) should become
sufficiently tight. Similar comments apply to 3(x), 64(u).

The following theorem, which extends results of [69], [81], quantifies: é;(p) and 84(s).
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Theorem 5 Let 62(p) and é4(p) be as defined in (3.70) and (3.71). Let ryy =
w(k)u(k = 1), ri = E[ri)], prg = s(k)u(k = 1), p = Elpx,] = 0. Suppose:
(i) fi(w), the power spectrum of v, exists and is twice differentiable at w = 0;

(ii) gi(w), the power spectrum of py;, exists and is twice differentiable at w = 0.
Then

n—1 1/2
ba(p) = (uL)W{ > (1—”')[27rfz(0)+0(u/L>”2]} (3.72)

n

l=—n+1
n—1 1/2
ba(p) = (#L)m{Z[2W91(0)+0(#/L)1/2]} (3.73)
=0
where:
21 fi(0) = > E[(rhi— r)(Thpmig — ™)), 27@(0) = Z E[(pk,)(Prtim) )]
T T (3.74)
Furthermore, if
(iii) the limits
N-1+k A
A 1/N Yo et =) (Thapmp = 1) = El(reg = ) (Tl — 7))
k=ko
N-1+ko A
m 1/N Y (o) @rpimp) = El06) Pkt mp)]
N—ooo f=Fo

ezist uniformly in ko, then:

fl(o) >0, gl(O) > 0, vi (375)

and, consequently, §2(p) and é64(p) increase with dimension, n.

Proof: See Appendix F.6.

Remark:

20. The twice differentiability condition on f(w)|,=o requires the _existence of:

dili(;d)lw=0 =-1/2x i {E[(rkg = r0)(Thm)s — )] }m?,

m=—00

A sufficient condition for this is:

oo

> 1E[(rrg = 1) (Tkpmit) = )]l < o0, (3.76)

m=—0o0
As commented in [69], this imposes a covariance decay requirement on ry;.

Similar comments can be made concerning g(w) and p .
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As indicated in (3.74), 27 fi(0) and 27g(0) are determined by summations of the
covariance sequences of rx; and pg, respectively. Thus, 27 f;(0) and 2mg;(0) will
tend to decrease as the covariance sequence/second order moments of rx; and pg,

respectively, decay more quickly to zero.

This comment together with the results of Theorem 5 suggest the following:

Result 7 1. The expected averaging error as defined in (3.62) will increase as the
second order moments of ry; = u(k)u(k —1) and pr; = s(k)u(k —1) decay more slowly
to zero.

2. The expected averaging error will increase with dimension. This effect of dimension
will tend to be accentuated by a slower rate of decay of the second order moments of
Tkt and pg.

3. The expected averaging error will increase like pl/2,

The following Theorem considers the particular case of u(k) and s(k) each having a

Gaussian probability distribution.

- Theorem 6 Let §3(p) and 84(1) be as defined in (3.70) and (3.71). Let the sequences
u(k) and s(k) associated with 83(p) and 84(p) have autocorrelation functions given by
By = Elu(k)u(k — q)) and D, = E[s(k)s(k — q)], respectively.

Suppose:

(1) u(k) and s(k) each have a Gaussian probability distribution;

(i1) the autocorrelation functions of u(k) and s(k) are each bounded above and below

by an exponentially decaying function:
|Bq| < Ba!f‘, |Dg| < D“Lﬂ

where B = By|q=0, D = Dyl4=0 0 < ay,as< 1.

Then
ne I
hlw) < WBL)‘”{[ > Lol (2|l|a3“'+(1+“{2‘)_(1£“3 ))}
I=—n+1 U
+ O(u/L)/?}/? (3.77)

with equality when u(k) and s(k) are each described by first order AR (AR1(a)) pro-

cesses.

B, = Balf', D, = Dals‘”, ~1<ay,as< 1.
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L is a constant independent of u.

Proof: See Appendix F.7.

Plots of the bracketed term ‘[ ] on the RHS of (3.77) over = for various values of a,
are shown in Figure 3.6. These indicate, together with (3.78) the following:

Result 8 When the input and disturbance signals are Gaussian the effect of dimen-
sion on the averaging error factors 6;(p) and 84(p) is accentuated by a slower decay
rate of the autocorrelation functions of these signals. In particular, when both auto-
correlation functions decay ezxponentially, 63(u) and é4(p) grow like nl/2, the rate of

growth increasing considerably with greater autocorrelation of each signal.

1200

1000}

800+

6001

au=0.9

2001 au=0.8

au=0.5
0 20 40 60 80 100

Dimension, n

Figure 3.6: Plot of bracketed '[ ]’ of ( 3.77) over n for various a, - autocorrelation
decay rate.

Summary

In this appendix we analyzed the error ||f(k) — §°Y(k)||; due to the averaging ap-
proximation made in Section 4. To enable quantification of the effects of dimension
and signal characteristics on the averaging error, we considered the expectation of the
averaging error over a defined ensemble of systems. It was shown that, for sufficiently

small y, the expectation value was bounded by a function which depended largely on
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the second order moments of Ef:o u(f)u(y - 1), Ef:o s(7)u(j — 1) over a 1/p time
scale. An explicit relationship was derived between the bound and these second order
moments. It then followed that the bound increases:

(i) when the second order moments of ri; = u(k)u(k — 1) and px; = s(k)u(k - 1)
decay more slowly to zero;

(ii) with dimension, n;

(iii) like p!/2.

For the particular case of u(k) and s(k) each having a Gaussian probability distribu-
tion, it was shown that the adverse effect of dimension on the averaging error bound
is accentuated by the autocorrelation functions of u(k) and s(k) decaying more slowly
to zero. More specifically, when the signal autocorrelation functions decay exponen-
tially to zero; the bound increases like #!/2, the rate of increase growing considerably

as the autocorrelation functions decay more slowly.

The results above suggest that, in order to maintain a sufficiently small averaging
error when moving from a relatively low dimension LMS/FIR system to a relatively
high dimension LMS/FIR system, the size of x should be reduced - particularly when
the input and disturbance signals are such that the second order moments of 74; and
Pk, decay slowly to zero. In the particular case of Gaussian signals, the size of u

should be reduced according to

_ 1
h=Tn
where C(constant) is dependent on and dramatically increases with the autocorrela-

tion of the signals.

These results indicate that in order that the transient performance analyses of Sec-
tion 6 remain relevant to the original system, the size of u should be reduced as the
dimension n increases. It may be felt that this requirement detracts from the useful-
ness of the transient performance results. However, as indicated in the asymptotic
performance analyses, a similar reduction in x is necessary to maintain asymptotic
performance as dimension increases. It should be added, though, that the rate at
which p needs to be reduced, so as to maintain the same averaging error, increases
with more slowly decaying fourth order signal statistics. The maintenance of asymp-
totic performance, in contrast, is dependent only on the power of the disturbance

signal.
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Chapter 4

Analysis of the LMS/FIR Filter
in Closed Loop Echo
Cancellation

4.1 Introduction

In the previous chapter we analyzed the dynamics of the LMS adaptive FIR filter in an
open loop configuration. In effect, we considered only one end of an echo cancelling
network and ignored the existence of the other end. In particular, we ignored the
possibility that, due to the echo path at the other end of the network, the input
signal u(k) may contain a filtered (and delayed) version of the output signal y(k).
As might be expected, the existence of this feedback may lead to inétabi].ity. It may
also lead to the transient performance and asymptotic performance of the adaptive

filter being more adversely affected by increasing signal correlation levels and/or filter

dimension.

In this chapter, we cari‘y out analyses which take into account this feedback. More
specifically, we analyze the dynamics of the closed loop configuration of Figure 1.6 in
which an unknown channel and a neighbouring LMS adaptive FIR filter are located
at each end of the loop. Such a configuration is representative of the echo cancellation
network of Figure 4.1, where the unknown channels are the echo paths located within
the 2 to 4-wire hybrid or acoustic enclosure and the driving signals, s1(k), sa(k), are
the subscriber signals (speech and/or noise). The closed loop system we consider also

allows for additive noise, n1(k), na(k) in the linking channels of the loop.

To reduce verbosity and simplify notation we will assume that the closed loop is an
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Figure 4.1: Double echo canceller network.

echo cancelling network which is being driven by subscriber signals. Of particular
interest is the effect of the subscriber signal correlation levels and the dimension of
the adaptive echo cancellers on the performance of the double echo canceller (DEC)

system. By performance we mean the ability of the echo cancellers to suppress echoes

generated by both echo paths.

The dynamics of the DEC system are nonlinear in nature and, in general, consid-
erably more difficult to analyze quantitatively than the dynamics of the open loop
system of Chapter 3. In order to carry out dynamical analyses we either invoke a
number of simplifying assumptions or attempt only semi-formal analyses. Neverthe-
less, the results provide a very useful understanding of the effects of subscriber signal

correlation levels and, to a lesser extent, echo canceller dimension on the performance
of the DEC system.

The outline for the chapter is as follows. We begin in Section 2 by heuristically
analysing the dynamics of the DEC system to highlight the effects of the feedback
structure on performance. This is followed by a brief review of the results of studies
conducted on closed loop systems similar to the DEC system being considered. After
developing the system equations in Section 3, we carry out a semi-formal analysis
in Section 4 on the DEC system to gain a semi-quantitative understanding of the

effects of subscriber signal correlation levels and echo path/canceller dimension on
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performance. To enable quantitative analyses to be carried out, we then consider a
simplified DEC system in which the time invariant echo paths and adaptive echo can-
cellers are single tap FIR filters. The analyses carried out lead to the determination
of bounds on the subscriber signal correlation levels within which good performance
is obtained. In Section 6, with the aim of obtaining an explicit equality relationship
between DEC performance and subscriber signal correlation levels, we conduct rig-
orous dynamical analyses on the single tap DEC system in which the transmission
channels impose a single sample delay and the subscriber signals are assumed to be

first order autoregressive processes.

Note: Appendix I lists the assumptions made in this chapter and other chapters.

4.2 Heuristics and Literature Review

In this section we heuristically analyse the DEC system to gain some insight into the
effects of the feedback structure on performance. We follow this with a brief review

of analyses conducted on the DEC system or similar closed loop adaptive systems.

Consider Figure 4.1 and, in particular, the end of the DEC system near subscriber 1.
(We will ignore the channel noise signals, #; and n3.) In its attempt to minimize the
residual echo in y;, echo canceller EC1 interprets any part of the transmitting channel
signal, vq, which is cross correlated with the receiving channel signal, y,, as being part
of the echo. However, v; contains not only the echo, z;, but also the subscriber signal
81. Thus if s; and y, are cross correlated, the echo canceller will adapt incorrectly.
Signal y, largely contains s;. Consequently, if s; and s; are cross correlated, we would
expect biased adaptation. Also, y, contains an attenuated version of y;, as a result of
leakage via the far end echo path (EP2), and therefore contains an attenuated version
of s;. Thus biased adaptation of EC1 may also occur if s; shows a sufﬁciently broad
autocorrelation function. A broad autocorrelation function of s, and significant cross
correlation levels between s; and s; may, similarly, cause biased adaptation of EC2. In
summary, the feedback configuration of the DEC system has the potential for causing
poor asymptotic behaviour not only when the subscriber signals are cross correlated,

but also when the such signals show sufficiently broad autocorrelation functions.

The transient performance of either echo canceller in a DEC system, as quantified in
Chapter 3, is dependent largely on the autocorrelation level of the input signal. With
the feedback characteristic of the DEC system, the input signal is composed not only
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of the far end signal just transmitted, but also possibly of one or more delayed and
filtered versions of the far end signal and/or near end signal. This suggests that poorer
transient performance may occur with an increase in the autocorrelation level of one
or both subscriber signals and an increase in cross correlation of these signals. As
indicated by the analyses of Chapter 3, an increase in dimension of the echo cancellers

should accentuate this signal dependence.

Various authors have carried out analyses to quantify these effects, particularly that
pertaining to asymptotic performance. Earlier analyses [24], [21] considered closed
loop adaptive echo cancelling systems in which only one of the closed loop ends
was adaptive, the other end being modelled as a fixed attenuation. These analyses
showed that unstable/bursting/poor asymptotic behaviour may be caused simply by
Ié,rge differences between the power of the subscriber signals. Later analyses [21],
[22], [82] considered closed loop systems in which both ends were adaptive - that is,
the DEC system we consider. The analyses indicated that stable/good asymptotic
behaviour was achievable in this system under a greater range of circumstances. In
particular, when the transmission channels impose a delay of at least one sampling

interval it is shown that, for sufficiently small z, good asymptotic performance is
" obtained if subscriber signals are zero mean white noise [82] or sufficiently rich and
uncorrelated with each other [22]. It is also indicated in [22] that the convergence

rate is exponentially fast at a rate bounded below by
(1- min{ﬁ“\min(Rg))})k’ i ={1,2}
where RS) is the n X n autocorrelation matrix of the it* subscriber signal.

In the analyses we carry out in the following sections, we strengthen and extend these
results. We examine the case in which the subscriber signals are cross correlated as
well as uncorrelated with each other. We quantify asymptotic and transient perfor-
mance in terms of cross correlation and autocorrelation levels of the subscriber signals

and, to a less extent, dimension of the echo paths/cancellers.

4.3 System Equations

In this section we develop the equations which describe the dynamics of the DEC
system of Figure 4.1. We assume that both echo path/echo canceller pairs satisfy
Assumption 1 of Chapter 3. That is, the echo paths are time invariant FIR filters
with a tap length of n and the echo cancellers are LMS adaptive FIR filters also with
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a tap length of n. Furthermore, the echo cancellers have zero initial conditions. We
assume all signals are sampled. At sampling instant k subscriber 1 (2) sends signal
s1(k) (s2(k)) while receiving a delayed version of the signal y2(k) (y1(k)); additive
noise n1(k) (na(k)) occurs within the transmitting channel of subscriber 1 (2). The

echo paths EP1, EP2 and echo cancellers EC1, EC2 are parametrized by the n-tap

coefficient vectors

EP1: 6, = (81061161961 01)F

EP2: 0, = (030051 029...0201)F
EC1: 0y(k) = (Br10(k) B11(K) By 2(K)...61 n_1(E))F
EC2: fy(k) = (Bo0(k) 21(k) b22(k)...02n-1(k))".

We make the following additional assumptions regarding the DEC network.

Assumption 8 Fach echo path is attenuating, that is:

1Balls <1, {l62]l < 1 (4.1)

~ where || ||1 is the I-norm.

Assumption 9 Both transmission channels of the DEC system loop ( i.e. channel

A — B and channel C — D of Figure 4.1) impose a transmission delay of d > 1
sample intervals.

Remark

1. Any difference Ad between the sample delays imposed by the transmission chan-

nels can be allowed for by assuming that the first Ad coeflicients of the appro-
priate echo path vector 8; are zero.

2. Under the highly unlikely condition of zero transmission delay, d = 0, the DEC
systems forms an algebraic loop, which, in turn, increases the tendency of the

system to show unstable/chaotic behaviour. See, for example, [22] for a more

detailed discussion.

The signals received by subscribers 1,2 are, respectively:
vi(k) = si(k)+ ni(k)+ 01(k) dok (4.2)
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y2(k) s2(k) + na(k) + 63(k) 1.4 (4.3)
where 61(k) = 0y —6,(k), Oy(k) =6, — (k)

$1(k) (nk—d) puk—d=1) . pa(k—d—n+ 1)

$a(k) = (a(k—d) ya(k—d—1) . pp(k—d—-n+ 1))

Applying the LMS algorithm to the echo cancellers leads to the following update
equations for the residual echo parameters, 8;(k):
01(k + 1) = 61(k) - p(y1(k) — na(k)) (k) (4.4)
by(k + 1) = 85(k) — p(ya(k) — na(k)) 1 (k) | (4.5)

where we have assumed the same LMS adaptation constant is used in both echo

cancellers. As remarked in Chapter 3, u should be chosen such that

. 1 1
H < min{ e ity (4.6)
where 63(k),52(k) is an estimate of the variance of y;(k), y2(k), respectively.
Equations (4.2)-(4.5), together with the initial conditions:
$1(0), $2(0), 61(0) = 61,82(0) = 6 (4.7)

describe the dynamics of the DEC system driven by external signals:
S]_(k), 32(k)7 nl(k)a n?(k)

The dynamics are clearly nonlinear in nature.

4.3.1 Signal Assumptions

Assumption 10 The subscriber and channel noise signals are bounded and station-

ary so that the limits:

A N-1+ky
Avginy = NhPml/N k% si(k)s;(k—1), Vko,¥1 i,5={1,2} (4.8)
A N-1+ko
Avpiny = Jlim 1/N > ni(k)ni(k=1), Vko,Vl i,5=1{1,2} (4.9)
k=ko
A N-1+ko
Avgnjy = Jim 1N 3. si(k)nj(k =1), VoVl 4,5={1,2} (4.10)
k=ko

erist.
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We also make the following assumption to simplify the analysis.

Assumption 11

(@) Avpinjy = Qi 1=0
0 otherwise
0 VI, i,5={1,2}

(5) Avnigiy

Remark:

3. Considering the typical characteristics of noise, Assumption 11(b} is most plau-

sible. The validity of Assumption 11(a) requires the channel noise to be ‘white’.

4.4 Analysis for FIR Echo Paths/Echo Cancellers of
Arbitrary Dimension

In this section we present a semi-formal analysis of the dynamics of a DEC network in
which the echo paths and echo cancellers are n-tap FIR filters, as opposed to the single
tap FIR filters to be considered in the subsequent sections. The aim is to develop an
understanding of the requirements of the subscriber signals for such high order DEC
systems to perform well. The system equations which describe the dynamics of these
higher order DEC systems are those of (4.2)-(4.5). To simplify the anélysis, we will

assume that channel noise is absent. Initially, we specialize to subscriber 1.

Combining (4.2)-(4.5) leads to:

bi(k + 1) 01(k) — uls1(k)ga(k) + (Bu(k)T (k) p2(k)]

= [I — pda(k)$a(k)"101(k) -
—usy(k)[1(k — d)T8y(k — d) ¢1(k—1—d)T (k-1 —d)
wetr(k=n+1-d)bk—n+1-d)7

—pusi(k)[sa(k—d) sa(k—1—-d)...s2(k—n+1-d)F (4.11)
If u is sufficiently small then 6, ( and 51) will vary slowly with time and we may
approximate 0y(k — ) by 3(k), where d < j < n — 1 —d. As 8(k) = (1(k) 65(k))T
is slowly varying, and y(k) = (y1(k) y2(k))T is essentially signal driven, we may

approximate the § update equation by averaging the signal dynamics. ( This is
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essentially what is done in the application of Averaging theory in Sections 5,6.) The

resulting update equation is:

( Bi(k +1) ) _ ( I — pAv(®o(k)) —pAv(sy (k) ¥y (k — d)) ) ( 61 (k) )
Ba(k + 1) —pAv(s2(k)¥o(k — d)) I — pAv(®4(k)) 0a(k)
—pAv(s1(k)Yo(k))
* ( —pAu(s3 (YY1 () ) (4.12)
where:

®;(k) is the n x n correlation matrix ¢;(k)¢;(k)T;

U,(k) is the n x n matrix (¢i(k) ¢i(k—1) ... di(k—n+1));

Yi(k) is the n x 1 vector (si(k—d) si(k—1—d)..si(k—n+1-d)T
with 1 = 1,2;

Av(z(k)) = 1/M Y a(k), M > 1.

( Note that the averaged factors involving y; or y, are still 6, and 6, dependent.)

Consider (4.12) rewritten as:
B(k + 1) = (I - A(B(K)))B(k) + b, 6(k) = (81(k) 62(k))"

where the form of A(A(k)) and b can be easily ascertained from (4.12). Assuming that
A is invertible, the asymptotic value of §(k) is given by:

lim 6(k) 2 Gy ~ (A(Bso)) 10

The presence of cross correlation between the subscriber signals results in the bias
term, b, being nonzero and, thus, causes the residual echo parameter vector to con-
verge to a nonzero asymptotic value. As a consequence, echoes within the DEC

system will never be completely cancelled.

Broader autocorrelation functions of the subscriber signals result in an increase in the

off diagonal terms of the matrix A, that is:
Av(yi(k~d)yi(k—l-d)), 1<1<n-1; Av(si(k)yi(k—j-2d)), 0<j<2d+n-1)

This tends to lead to:
() an increase in the gain of the matrix A~! and, thus, in the presence of cross
correlation, results in 6o, lying further from the origin;

(b) slower convergence of the echo parameter vector, 8(k), to its asymptotic value.

In order to quantify more strongly these conclusions we apply the analysis techniques
outlined in Appendix A. This leads to the following result.
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Result 9 Under the assumption of no undermodelling (Assumption 1), the residual
echo parameter vector 6(k) will uniformly contract to within an |y ball B : ||6)|; < B

at an exponential rate:

(I16(k)ll: = B) < (1 — pr)*6(0)

if
0<v < min min {Ao(u(kj - dulk~j-d) (4.13)
:,:Z_—:: |[Av(yi(k — m — d)i(k — 5 — d))| + |Av(si(R)yi(k — 5 — m - 2d))|| }
and0<v < 1/u (4.14) .
where
Lo {|Av(sa(k)sa(k ~ j - d)V)l + [Av(sa(K)s1(k - j = d))]} (4.15)
Remark:

4. Since the averaged factors involving y; and y, are dependent on 6, and 52, the
conditions of (4.13) and (4.14) implicitly restrict the results to some domain D

in residual echo parameter vector space:
D : (k),8(k) € D, Vk.
This domain may be, in fact, of zero size.
The signals y; and y, largely contain the subscriber signals s; and ss, respectively.

Combining this relationship with the result above leads to the following remarks.

Remark:

5. Subscriber signals showing broader autocorrelation functions tend to lead to
the upperbound on v, as given in (4.13), becoming lower and even becoming
negative. This suggests that more highly autocorrelated subscriber signals will
show, for a given value of i, slower convergence or may even show nonconvergent

behaviour.
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6. Assuming condition (4.13) is satisfied so that » > 0, then (4.15) suggests that
when the subscriber signals are uncorrelated with each other, the residual pa-
rameter vector 8(k) will converge to the origin thus resulting in unbiased or
‘optimal’ asymptotic echo suppression within the DEC system. On the other
hand, cross correlated subscriber signals tend to lead to incomplete or biased
asymptotic echo suppression. The degree of bias increases not only with cross
correlation but also with increasing autocorrelation which acts to decrease the

denominator v in (4.15).

7. For a given level of autocorrelation and cross correlation of the subscriber sig-
nals, an increase in the dimension n of the echo paths/echo cancellers leads to
the bound on v decreasing and B increasing. That is, poorer transient and
asymptotic performance. This adverse effect of dimension is accentuated by

greater correlation within and between the subscriber signals.

8. The autocorrelation and cross correlation functions of zero mean signals decay
towards zero as the lag index increases. Combining this with the comments
above and Result 9 suggests that the adverse signal correlation effects on per-
formance decrease as the transmission channel delay d increases. In particular,
Result 9 suggests that the asymptotic bias vanishes when the cross correlation
function of the subscriber signals decays to zero before lag | = d + n. Fur-
thermore, when the subscriber signals’ autocorrelation functions are sufficiently

narrow and the delay d sufficiently large, then the term
n—1
> |Av(si(kyyik — d - j - m))|
m=0
of (4.13) also vanishes. In this case, the conditions of (4.13) and (4.14) resemble

the equivalent Iy norm conditions of a pair of decoupled open loop systems of
Chapter 3.

4.5 Analysis of Single Tap Echo Paths/Cancellers

With the aim of obtaining a more quantitative understanding of the effects of sub-
scriber signal correlation than that provided in the previous section, in this section
we carry out formal analyses of a simplified DEC network in which the echo paths

and echo cancellers are single tap FIR filters:
9; = (6;0..007; i={1,2}
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bi(k) = (6;(k)0..0)7T; i={1,2}

We begin by considering the situation in which there is no cross correlation between
the subscriber signals. This is typical of speech. To complete the analyses, we then
consider the case of non zero cross correlation between the subscriber signals. In both
cases we focus on the case in which the transmission channels impose single sample

delay, d = 1. The results are then extended to include longer sample delays.

To enable application of standard analysis techniques (described in Appendix A), we
use the Averaging Method, discussed in Appendix B, to develop a set of relatively
simple equations whose solution approximates that of the system equations. Prior to
developing these equations, we identify a domain in residual echo parameter, 8, space
to which the averaging approximation must be restricted. Our ultimate aim is to
identify conditions under which the residual echo parameters, 6;(k), f,(k), converge

as closely and as quickly as possible to 6 = 0 and hence yield good echo cancellation.
4.5.1 System Equations

The system equations of (4.2)-(4.5) for the single tap DEC system with transmission
channel delay d = 1 take the simplified form:

bu(k+1) = 6i(k) - p(va(k) - na(k))ya(k ~ 1) (4.16)
ba(k+1) = Oa(k)— p(ya(k) — na(k))pa(k — 1) (4.17)
ni(k+1) = su(k+ 1)+ na(k+ 1)+ 6u(k + V)ya(k) (4.18)
va(k+1) = so(k+ 1)+ na(k + 1)+ a(k + 1)p1(k) (4.19)

while the initial conditions of (4.7) become:

¥1(0), ¥2(0), 61, 62 . (4.20)
4.5.2 Domain of Analysis

To determine the domain D in residual echo parameter space over which the Averaging

Method may be applied, consider (4.16),(4.17) with ( 4.20) rewritten as the matrix
equation:

Ok +1) = B(k) - pf(B(K), y(k)); 6(k=0)=9, y(k=0)=3y(0)  (421)
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where

(k)

ORI AT ETORY
(é:(k)>’0_(62)’3/(’0)_(3:(10)’ (4.22)

. | AR, (k) _ k) = ny(k)) ya(k — 1)
fo®), ¥R = (fiaﬁm,iiﬁk»)—(Ezzﬁk§-n:&§§§i5k-1>) (4.23)

and (4.18),(4.19) with (4.20) rewritten as the matrix equation:

y(k+1) = g(k+ 1)+ G(O(k + 1)y(k); y(k=10)=3(0), b(k=0)=06 (4.24)

o(k) = ( o ) : G(O(k)) = ( iy o ) (4.25)

where

The averaging method deals with equations of the form:
b(k + 1) = 6(k) — uf(8(k), k)

We massage our problem into this form by approximating y(k) in (4.24)) by a signal
vector, §(k,0(k)) where, §(k) is defined by:

gk+1,2)=g(k+ 1)+ G(2)y(k,2);  g(k=10)=y(0) (4.26)

where 2 = (2; 2;)7 is constant. §(k, z) is well defined provided G(z) is a stable matrix,
that is:  |z122| < 1. Comparing (4.26) and (4.24) it can be seen that F(k,8(k)) is a
good approximation for y(k). Indeed, as shown in Appendix G.1:

|5(k, 8(k)) — y(k)| = O(n), on a time scale 1/u (4.27)

provided:
(a) p is sufficiently small, and
(b) G(8(k)) is a stable matrix for every 6(k), on a time scale 1/p.

Condition (b) requires @ to be restricted to the interior of the domain,
D: |6;(k)8y(k)| < © <1, on a time scale 1/u
Assuming u is sufficiently small, this is guaranteed by the validity of Assumption 8.
Replacing y(k) in (4.21) by §(8(k)) then yields:
B(k + 1) = 0(k) — pnf(8(k), 9(k,8(k))) + O(4?), on a time scale 1/ (4.28)

For the first order approximation on u, the second term is irrelevant and can be

ignored. Equation (4.28) is in the form suitable for the application of averaging,.
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4.5.3 Averaged Residual Echo Parameter Update Equations

We will now develop the averaged parameter update equations.
Combining (4.26) and (4.28), and specializing to 8, results in:
Oi(k+1) = 6;(k) - nfi(6(k), k), b:1(k=0)=6 (4.29)
A(B(R) ) = 81(k)Ga(k ~ 1,8(k))Ga(k ~ 1, 6(k)) + s1(k)Fa(k ~ 1,6(k)) (4.30)

Applying the A\{eraging Method yields:

03 (k+1) = 63(k)— ufi(6°(k)), 63(k=0)=6, (4.31)
™) = éiwA”gzgz(o)(éau)+A”slg2(1)(éw) (4.32)
where
M-1
Avgzgz(l)(z) = N}im /M Z ok, 2)¥a2(k = 1, 2), (4.33)
s k=0
M-
Avgigoq(2) = Lim 1/M Y s1(k)ga(k —1,2) (4.34)
- k=0

with z constant in the summations.

A similar set of equations can be obtained for 6‘;}”(19 + 1). According to Averaging
Theory (see Appendix B), the solution, §9¥(k) = (63V(k) 63*(k))T, to the averaged
equations approximates (k) = (81(k)f3(k))T to within an error given by:

|6(k) — 6°¥(k)| = O(6(x)), on a time scale 1/p (4.35)

where

k
§(py=sup sup p| Y f(8,m)— f*(f) (4.36)
feDke0,1/u) m=0
with f = (fi f2)T, f% = (f2* f§*)7 as given in (4.30), (4.32), respectively, and the
52,53” equivalents. Furthermore [78], if the averaged system has an asymptotically

stable equilibrium within the domain D then the approximations hold on an infinite
time scale.

Remark:

9. 8(p) is related to the stationarity of the signals and will be smaller when the

signals show greater stationarity over the convergence window of the LMS al-

gorithm.
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4.5.4 Zero Cross Correlation Analysis
In this section we make the additional assumption:
Assumption 12 Avy ), Aveapy =0, VI
Remark:

10. Assumption 12 is typically valid for the case in which s1(k) and sy(k) are dif-

ferent speech signals.

- By employing (4.26), and specializing initially to 6,, it can be shown that:

1
Avgaga(0)(21,22) = m[22321Avs1gz(1)(z1»32)
+22221 Avyog(2) (21, 22)

+23(A’”s1s1(0) + Avnin1(0))

+ Avga49(0) + AVn2n2(0))] (4.37)
o .

Avagapy(z,22) = Y (2122)" (224010114 142m)] (4.38)
n=0
[e.o]

Avgga)(z1,22) = Y (7122) [ AVs2sa(1420)] (4.39)
n=0

Combining (4.37)-(4.39) with (4.31),(4.32), and doing the same for the equivalent
equations involved in the update of ég"(k), we find that the adaptation of the averaged

residual echo parameters is given by the following matrix equation:

(é%“(k+1)) _ (1—<am(«9k)+~mwk)) —(B11(9%) + mu1(%)) ) (é%“(m)

03(k + 1) —(B22(9k) + m2(F%)) 1= (e1a(Fk) + 111(9)) 03 (k)
(4.40)
where
e = 67°(k)B5 (k);
oi(9k) = 1_’;—002[Avs;3g(0) + Z(ﬂk)nz’l?kA’vs;s,-(2+2n)] . (4.41)

n=0

Bii(dk) = ﬁ[ﬂkiﬁlvsisi(o)'kZ(ﬁk)n(l'l'("916)2)Avsisi(2+2n)] (4.42)

n=0
u
7i(P) = iT(;,k—)gA”nmi(o) (4.43)
mwi(0%) = I—:%,#;)—zﬁkflvnw(o) (4.44)
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with i = {1,2}.

Standard analysis of (4.40)-(4.44) leads to the following theorem.

Theorem 7 (1) Consider the single tap, single delay DEC system described by (4.16)-

4.20) and Assumptions 1,8-11. (See Appendiz I for a listing of Assumptions). Let
||.|l1 denote the 1-norm. Suppose:

(a) Assumption 12 is valid;

then, 3 p* > 0 such that Yu € [0,u*] the averaged update equations (4.40)-(4.44)
are valid.

(2) Consider the “averaged” system described by (4.40)-(4.44). Let Q; be as defined
in Assumption 11. Suppose, in addition to Supposition (a):

(5) lI(81,8)ls < AO)/2,  for some © € [0, 1);

(¢) u<p~;

(d)

lA’v,,-si(;)| < R,Tf i={1,2}, where 0<r;<1, R;= Avgisio) (4.45)

If, in addition,

. 2 R;(l + (")7‘?) .

po< pin(l-0%/[——57~ 612 + Qi (4.46)
.1 R(1-7¥1+20)

v < mBTrel 1-er T (447)

forsome 0 <v<1lfp

then,

(i) the “averaged” system will remain stable and the “averaged” parameter vector

(63% (k) 03 (k))T, will converge to the origin at a rate bounded above by
1185°(k), 85" (k))llx < (1 = p)*11(61, 82|

(ii) the original system will remain stable, and its parameter vector, (61(k), 82(k))7,
will remain in the domain defined by v

Do : |6:(K)b5(k)| < ©, Vk

and converge to within a neighbourhood, O(6(r)), of the origin, where é6(p) is the
averaging error as defined in (4.36).
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Proof: See Appendix G.2.

Theorem 7 refers to a DEC system in which there is a single sample delay along both
transmission channels of the DEC system. The following corollary allows for an equal
but arbitrary sample delay along each transmission channel, i.e. A — B and C — D

of Figure 4.1.

Corollary 1 Consider the DEC system of Theorem 7, but with the relared assump-
tion that the transmission channels of the DEC system cause a delay of d sample

intervals. Assume suppositions (a)-(d) of Theorem 7 are valid.

If
: 2 Ri(1 + O77) '
po< pin(-00)/[H—ga (4.48)
.1 R(1-r¥(1+20))
Vo< 112%1,12 1+ 9[ 1-0rH + Qi (4.49)

for some 0 <v < 1/pu

then (i)the averaged system and (ii)the original system will exhibit the behaviour de-

- scribed in Theorem 7, (i) and (ii), respectively.

Proof: Trivial extension of the proof of Theorem 7.

Remarks

11. Supposition (d) of Theorem 7 requires only that the autocorrelation functions
of the subscriber signals s1(k) and s3(k) are bounded above and below by ex-
ponentially decaying functions. Clearly, broader autocorrelation functions lead

to larger values of 7y and r,.

12. For smaller values of r; and ©, the upperbounds on x and v in (4.46) and (4.47)
are larger. This suggests that a DEC system is more likely to remain stable
and the residual echo parameter vector, (61(k), éz(k))T, converge more rapidly
towards the origin when:

(a) the autocorrelation functions of both s;(k) and s3(k) are narrower;
(b) the tap coefficient vectors of the FIR echo paths lie closer to the origin.
Similar comments hold for (4.48) and (4.49).

13. The presence of noise causes the upper bound on u to decrease. This indi-

cates that as noise is introduced, smaller y may be required if the condition of
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14.

15.

16.

either (4.46) or (4.48) is to be satisfied. The presence of noise, on the other
hand, causes the upper bound on v to increase which improves the likelihood

of stability and the transient performance.

o(p), because of its dependence on signal stationarity, is affected by the presence
of noise. In general, §(¢) (and, therefore, the size of the neighbourhood around
the origin to which the original echo parameter vector, 8(k), converges) increases

with the introduction of noise.

The condition in (4.47) or (4.49) is not satisfied if:

Qi _rH(1+20)-1 Qi _ 241 4 20) ~ 1
R; 1- (")7‘,,2 " R; 1— @T?(d+1)

or, in the noiseless case, if:
r2>1/(1+20) or 2D > 1/(1 4+ 20)

respectively. Although (4.47), (4.49) may be conservative, this suggests that
not all combinations of © and r; satisfying

0<O <1; 0<m; < 1

will yield exponentially stable behaviour of the “averaged” system. In particu-
lar, performance problems of the averaged system, and probably of the original
system, are likely to occur when O is close to (but less than) unity (i.e. when the
echo paths impose little attenuation) and the subscriber signals show relatively

broad autocorrelation functions.

In general, because the subscriber signal autocorrelation levels |Avgs(;y| tend
to decrease as |l| increases, the presence of longer transmission delays along the
channels of the DEC system will assist in reducing the adverse effects of sub-
scriber signal autocorrelation on echo canceller performance. This is indicated
by the fact that, for given values of r;, conditions (4.48) and (4.49) are more
easily satisfied than (4.46) and (4.47). Furthermore, (4.48) and (4.49) are more
easily satisfied as the delay d increases. In particular, if the autocorrelation
functions of both subscriber signals decay to zero before lag | = 2d, then (4.48),
(4.49) take the form: ’

po< min(l-O7)/[Ri+Q)
v < min[Ri+Qi/(1+0)
In essence, we see a vanishing of the adverse effects of subscriber signal auto-

correlation, which arose due to the feedback nature of the DEC system.
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4.5.5 Nonzero Cross Correlation ( Noise Absent)

In this section, we no longer assume that there is zero cross correlation between the
subscriber signals. However to simplify the mathematics we make the additional

assumption that channel noise is absent:
Assumption 13 ny(k),no(k) =0, Vk
By employing (4.26) and specializing to 81, it can be shown that:

1
W[Zzgzlflvgmu) + 22122 Avgasa(a)

Avgagay(21, 22)

+25 Avs151(0) + AVsas2(0)

+229 Avgy 59(1))] (4.50)
Avggan(z,22) = Y (2122) 224V 04142m) T AVsisagian))  (4.51)
n=0
Avs2y2(!)(zlz2) = Z(‘zlz2)n[‘4vs2s2(1+2n)+Z2Avs2sl(l+1+2n)] (452)
n=0

The matrix equation, equivalent to (4.40), when cross correlation between the sub-

scriber signals is present, becomes:

(55‘”(k+1)> _ (1—(azzwk>+pnwk» ~(B1a(Dx) + &12(9)) )(éfﬂ(k))

B3 (k + 1) ~(Boa(9%) +&a(9)) 1= (oaur(Ph) +p1a(Ph)) ) \ 65¥(K)
1 —pAvg5101)
+ 1 -2 ( —p AV 621 ) (459

where 9y = 037(k)03%(k), aii(P), and Bi;(¥x) are as given in (4.41), (4.42), and
p,'j('ﬂk) and f{j(ﬂk) are:

pii(Fk) = ﬁm@v[ﬂivsmm + 3 20k(9k)" Avgigj(a2n)] (4.54)
n=0
o0
&i(0k) = T l(tﬂk)zefuwkfl”sisj(l) + Y (14 (9)*)(9%)" Avsisj(a42m)] (4.55)
n=0

with 4,7 = {1,2};:# j.

Standard analysis of (4.53)-(4.55),(4.41) and (4.42) leads to the folloWing theorem.

Theorem 8 (1) Consider the single tap, single delay DEC system described by (4.16)-
(4.20) and Assumptions 1, 8-10. (See Appendiz I for an easy reference to these as-
sumptions.) Let ||.||; be the I-norm. Suppose:
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(a) Assumption 13 is valid,
then, 3 p* > 0  such that Vu € [0,u*] the averaged update equations (4.53)-
(4.55),(4.41),(4.42) are valid.

(2) Consider the “averaged” system described by these averaged equations. Suppose,
in addition to Supposition (a):

(8) [1(81,62)l11 < 2(©)1/2,  for some © € [0, 1);

(c) p < p;

(@) |Avgiginy) < Rirt i={1,2}, where 0<r; <1, Ri = Avgiso) ;

(e) |Avsisaqn)s | Avsasiqy] < Gg' where 0 < g < 1, G = Avgi5500) = AVsa41(0)-

If, in addition

Ri(1+0r})  4(6)/’Gyg

po< min(l- O/ Tt e o (4:56)
L < 1‘1-2%121—1(6)2[}2{(1—9)1(1—_@77“??(1+2®))

- 2(9)1/?{%:2@ ! gz)] (4.57)
p & Prasgrlenl < o (4.58)

for some 0<v<1/p

themn,
(i) the “averaged” system will remain stable and the averaged parameter vector, 5“”(k),
will converge to within the Iy ball B : ||(63V,8°)||1 < B at a rate bounded above by

1183 (k), 63" (k)11 = B < (1~ uw)*[|(1,62)] 1.

(i) the original system will remain stable, and its parameter vector, (8;(k), 92(k))T,

will remain in the domain defined by
Do : |01(K)2(K)| < ©, VE
and converge to within the I, ball:

|1(81,02)l|1 < B + O(6(p))

where 6(p) is the averaging error as defined in (4.36).

Proof: See Appendix G.3.
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Corollary 2 Consider the DEC system of Theorem 8. but with the relazed assump-
tion that the channels of the DEC system cause a delay of d sampling intervals in

each transmission direction. Assume suppositions (a)-(e) of Theorem 8 are valid.

If, in addition
Ri(14 0r¥)  4(0)/2Gg?

. 2
po< “I_r__li%(l -0 )1/[ 1- (-)’r?d 1— @ggd ] (4-59)
. 1 Ri(1-0)(1-r¥1+20))
v < BT ey 1-0rH
2(0)/2Gg%(2 + © + ¢*)
3 e ] (4.60)
B g lAvslsg(d)‘ + |A7)32sl(d)l < 2(@)1/2 (4.61)

(1-02%y
forsome 0 < v < 1/p

then, (i)the averaged system and (ii)the original system will exhibit the behaviour
described in Theorem 8, (i) and (ii), respectively.

Proof: Trivial extension of Theorem 8 proof.

Remarks:

17. The upperbounds on g and v in (4.56) and (4.57) increase as r4,9,G and ©
decrease. Assuming condition (4.58) is satisfied, this suggests that the DEC
system is more likely to remain stable and the averaged residual echo parame-
ter vector, (83¥(k)83(k)), converge more rapidly to within the {; ball B when:

(a) the autocorrelation functions of the subscriber signals are narrower;

(b) the cross correlation levels between the subscriber signals are lower;

(c) the echo path tap coefficient vector (6;,8;) lies closer to the origin (that
is, the echo paths cause greater attenuation).
Similar comments hold for (4.59)-(4.61). The dependence of transient perfor-
mance on cross correlation levels, in addition to the autocorrelation levels, of
the subscriber signals is due to the feedback structure of the DEC system. The
dependence of transient performance on the echo path attenuation is intuitive
since it governs how much the feedback structure of the DEC system accentuates

the adverse signal effects.

18. Condition (4.58) is included to ensure that, assuming (4.56) and (4.57) are

satisfied, the average parameter vector will remain inside the /; ball:

11(83% 62°)||; < 2(©)V/?
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19.

20.

21.

22.

This simplifies the analysis as well as ensures that the averaged parameter vector

remains within the averaging domain. Similar comments hold for (4.59)-(4.61).

A smaller value of B, which suggests better asymptotic performance, results
from:

(a) lower levels of subscriber signal cross correlation which helps not only
by reducing the numerator but also by increasing the denominator in the left
hand term of (4.58) (or (4.61));

(b) narrower autocorrelation functions of the subscriber signals, which act to

increase the size of the denominator in the left hand term of (4.58) (or (4.61)).

In the absence of cross correlation, that is,
Avg o) =0, V1 and G =0

the conditions and results of Theorem 8 simplify to those of Theorem 7 (in the
case of zero channel noise). Thus Theorem 7 (without noise) is a special case
of Theorem 8.

When the subscriber signals are ‘white’ then, assuming the subscriber signals

are not delayed versions of each other, then
Avsl.ﬂ(l) = A'vs2sl(l) =0, 1#0
and, consequently, ‘optimal’ asymptotic performance should be obtained.

A comparison between Theorem 7 and Theorem 8 shows that the presence of
cross correlation reduces both the likelihood of stability and the transient perfor-
mance by reducing the upperbounds on both x and v. To more clearly illustrate

the adverse effects of cross correlation on stability and transient performance,

let us assume:
iA'vsls2(l)|, lAvshl(l)l < P‘Ig-:llnz Ri"'zl" Vi pe[0,1].

A greater value of p implies a greater level of cross correlation between the
subscriber signals. The condition of (4.57) then becomes:

v< }5%312 = 92)}(21 — Or;,)[(1—r?(1+2@))(1—®)—291/2pri(2+®+7‘?)] (4.62)

Stability is guaranteed when v, and therefore the bracketted term, [ |, of the
RHS of (4.62), is larger than zero. Figure 4.2 shows r vs © plotsof [ ] = 0
for various values of p. For each value of p, all (7,©) points lying below the
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plotted line satisfy [ ] > 0. As indicated in Figure 4.2, an increase in p, resulting
from an increase in cross correlation levels, leads to a reduction in size of the
region in (7, ®) space which satisfies [ ] > 0. Consequently, an increase in cross
correlation levels leads to a decrease in the likelihood of stability and good

transient behaviour.

0.9 8
0.8+ ]
0.7+ 1
0.6+ J
p=0.1

05+ R

041 :

Autocorrelation broadness, r

0.1

0 01 02z 03 04 05 06 07 08 09 1
(0]

Figure 4.2: Upper edges of uniform contraction regions for varying amounts of cross
correlation (given by p) - eqn (4.62)

23. In general, because subscriber signal cross correlation levels |Avg; ()| and au-
tocorrelation levels |Avggi()| tend to decrease as |/| increases, the presence of
longer transmission delays will assist in reducing the adverse effects of subscriber
signal cross correlation and autocorrelation on echo canceller performance. This
is indicated by the fact that, for a given value of r; and g, conditions (4.59),
(4.60) and (4.61) are more easily satisfied as the delay, d, increases and are more
easily satisfied than (4.56),(4.57) and (4.58). In particular, if the cross corre-
lation function Av,y4;() and the autocorrelation functions Avgyg(ry, Avsasaqy of
the subscriber signals decay to zero before lag | = d and [ = 2d, respectively,
then the (4.59)-(4.61) take the form:

< min(l- ©%)/R;
v < ;1_1%an,-/(1+9)
<

2(0)/?
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Thus, unbiased asymptotic echo suppression is obtained and the dynamics of
the closed loop DEC system resemble the dynamics of a pair of decoupled open

loop systems.

4.5.6 Simulations

We conclude the examination of single tap DEC systems by presenting a number of
‘simple’ simulations which illustrate the effects of broad autocorrelation functions and
the presence of cross correlation on the performance of the system. The simulation

conditions are:

Adaptive system Single tap, single delay DEC system
Adaptation stepsize u = 0.002

Initial conditions  6;(0) = 8; = 0.8, 85(0) = 6 = —0.7, 11(0) =0, 12(0) =0
Subscriber signals ~ AR1(a) of (3.36) with @ given in Table 4.1
In simulation (a), the subscriber signals are non-cross correlated AR1(0) or discrete
white signals. In simulation (b), both subscriber signals show broader autocorrelation
functions than in (a), but again have zero cross correlation. In simulation (c), the
subscriber signals show not only relatively broad autocorrelation functions but also a

relatively broad cross correlation function.

The simulation results are given in Figure 4.3 which shows plots of the variation in
residual echo level, zy(k) — 21(k) = 61(k)y2(k — 1), over time at one end of the DEC
loop. The residual echo level over time at the other end of the loop was observed, in
all cases, to be similar to that shown. As indicated by a comparison between Figure
4.3a and 4.3b, broader subscriber signal autocorrelation functions may lead to slower
convergence rates, while Figure 4.3c suggests that the presence of subscriber signal

cross correlation may lead to incomplete echo cancellation.

Table 4.1: Single tap DEC Simulations - Description of subscrlber signals.

Sim. | Subscriber Signals®  Autocorre lation fn.s™ Cross Correlation fn.
no. sl 52 Asl(j) As2(j) C(j)

(a) | ARL(0) | ARIL(0) | ~ éo; ~ 6o ; ~ 0

(b} | AR1(0.8) | AR1(0.5) | ~ 0.8’ ~ 0.59 ~0

(c) | AR1(0.7) sl ~ 0.7 ~ 0.7 ~ 0.7

* ARIl(a) = autoregressive sequence as in eqn. (3.36)
* bo0=1, é,; =0 when j # 0.
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4.5.7 Summary

The examination of the single tap DEC system conducted in this section indicates
the following.

(i) Broader autocorrelation functions and greater cross correlation levels of the
subscriber signals reduce the convergence rate of the DEC system. Sufficiently broad
autocorrelations functions and/or high cross correlation levels can lead to nonconver-
gent behaviour, irrespective of the update stepsize .

(ii) An increase in cross correlation levels of the subscriber signals causes a de-
terioration in asymptotic performance. This is accentuated by high autocorrelation
levels of the subscriber signals.

(iii) The adverse signal effects on transient and asymptotic performance are ac-
centuated when the echo paths impose little attenuation.

(iv) In general, when the subscriber signals are ‘white’ then good asymptotic per-
formance is obtained.

(v) For a given update stepsize p, which is sufficiently small, an increase in DEC
channel noise may lead to better transient, but poorer asymptotic performance.

(vi) An increase in the delay imposed by the DEC channels tends to reduce the
adverse effects of broad autocorrelation functions and high cross correlation levels of
the subscriber signals. Furthermore, when the subscriber signals’ correlation func-
tions are sufficiently narrow and the delay is sufficiently large, the dynamics of the

DEC system simplify to a pair of decoupled open loop systems of Chapter 3.

4.6 Single Tap Single Delay DEC System with AR Sub-
scriber Signals

The analyses conducted in the previous sections of this chapter have provided, at best,
bounds on the effects of subscriber signal correlation levels on the performaﬁce of the
DEC system. In this section we aim to obtain an explicit equality expression relating
performance to correlation levels. In order to achieve this, we reconsider the single tap,
single delay DEC system examined in Section 4.5 under the additional assumption

that the subscriber signals are first order autoregressive processes as described by
(3.36) of Chapter 3.

The analyses are organized as follows. We begin by introducing a number of quanti-

tative assumptions on the subscriber signals in addition to the autoregressive assump-
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tion. Initially, the subscriber signals are assumed to be of equal power. Averaging
Theory is again applied to obtain an approximate simpler system, analysis of which

follows. Finally we briefly explore the case in which the subscriber signals are of

unequal power.

4.6.1 Assumptions

In addition to Assumptions 1, 8, 9 and 13 we impose the following assumptions on

the subscriber signals.

Assumption 14 The subscriber signals are described by the first order autoregressive

processes:

si(k+1) = asy(k)+ (1 —a®)Y?wy(k) s1(0)=0

sa(k+1) = asy(k)+ (1 — a2)/2wy(k) s5(0) =0 (4.63)

where: |a| < 1 and wi(k) and wa(k) are wide sense stationary discrete white signals.

Furthermore, the signals wq(k) and wq(k) are such that the following assumptions
hold for ¢, 7 = {1,2}, ¢ # j:

Assumption 15 Bounded signals:

|wi(k)| < W, Vk

Assumption 16 Zero mean property:
1 M+m—1 C

I‘M Yo wi(k) < T VYm, M

k=m

Assumption 17 Well defined autocorrelation properties:

1 M+m—1

C
—_ . (k—1)=-V? < =
i k=§m wi(k)wi(k - 1) = V6| < T Ym, M,!
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Assumption 18 Well defined cross correlation properties:

1 M+m-1 C
7 > wilk)wi(k — 1) = pV6,| < T Vm, 1, M where |p| <1
" k=m

where the constant C is positive and independent of the integers m, { and M in the

above inequalities.

Remarks:

24. The numerator (1 — a?)*/? in (4.63) is included so that the signals s;(k), s2(k),

wy(k), we(k) have the same power (I; norm).

25. The signals w;(k) are deterministic in the sense that Assumptions 16-18 do not

refer to a probability distribution or to convergence in a probabilistic sense.

The wide sense stationarity of wq(k) and wy(k) implies that s;(k) and sz(k) are also
wide sense stationary signals. Because of the stability of the AR filter involved the
- subscriber signals s;(k) enjoy properties similar to the signals w;(k). More specifically,

for some positive constant S only depending on a, W and V :

14 |a

lsi(k)] < El — IlaBW, vk (4.64)

1 M’i’i“ S
— si(k)] £ —=VYm,M (4.65)

M k=m ‘/-M_

1 M+m-1 - S
V3 i(K)si(k—1—a'V? < — Vm,M,l 4.66
Mkzzms()s( )-aV < = Vm (4.66)

1 M4m-1 . Iy
Y3 (k)s;(k—=1)—pa'V4 < —Vm, LM 4.67
w2 SEsk-D-pV < vm (467)

The above inequalities embody all the assumptions on the subscriber signals we need

to derive our results.

(4.66) and (4.67) indicate that the signal parameter, a, is a measure of the broadness
of the autocorrelation and crosscorrelation functions of the subscriber signals, while
the signal parameter, p, is a measure of the degree of cross correlation between the

subscriber signals.
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4.6.2 Analysis

Following the same procedure of Section 4.5.2, we define our domain of analysis as
D :|01(k)8y(k)| < © < 1

On this domain D and for sufficiently small u, the dynamics of the DEC system, at

least on a time scale 1/u, are described by the averaged system equations:

63 (k +1)

’ = in(k) - l»‘AUng(l)(g:(k)) é%u(o) =0, (4.68)
03°(k +1) = 05°(k) — nAvgaqa)(0(k)) 677(0) = b,

where 83¥ = (83¥(k),03*(k)) and

M-=-1+m
A’t).y,'gj({)(Z) = MHHlool/M Z gi(k’z)gj(k —-1,2), Vl i,5€ {1’2} (4'69)
k=m

and gi(k, 2) is as defined by:
nk+1,2) = si(k+ 1)+ z192(k,2) 51(0) = y:1(0) (4.70)
(k+1,2) = sa(k+1)+ 24k 2) 72(0) = 3(0) '

Remark:

26. The limit of (4.69) exists (on the domain |2122| < © < 1), is independent of m

and, moreover, the limiting value is approached uniformly in m, by virtue of
Assumptions 16-18.

The validity of Assumptions 16-18 leads to the averaging error being given by:

16(k) — §(k)] = 0(8(1)) = O(/&), on a time scale 1/p (4.71)

Notice that we also have the approximation (because §(k, z) is analytic in z in D):

|§(k,§(k)) — y(k)| = O(y/p) on a time scale 1/p (4.72)

Furthermore [78], if the averaged system has an asymptotically stable equilibrium
within the domain D then the approximations can be extended to hold on an infinite

time scale:
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B(k) = 6(k)|
|5(k, 6(k)) — y(k)]

O(JE) VE>0
0(\%) P (4.73)

Through the application of the averaging approximation results above and analysis

of the averaged system equations (4.68) we obtain the following result.

Theorem 9 Consider the single tap, single delay DEC system described by (4.16)-
(4.20) and Assumptions 1, 8,9,13-18. (See Appendiz I for an easy reference to these
assumptions.) Let © € (maz(a?,6?,63),1). Then there exists a positive constant

¢ * (0, a,p) such that for all positive p < px:

16(k) — 6 (k)|

- O(VE) Vk >0
[5(k, 02" (k)) — y(k)|

O(R) Wk 0 (4.74)

Here 6°¢(k) is defined in (4.68) and §(k, z) is defined in (4.70) whilst (k) and y(k)
are the variables of the DEC system.

Furthermore, if, in addition,

(1- 0)(1 - a0)

K<V

(4.75)

then the averaged parameters §3°(k), 63¢(k) converge ezponentially fast (with rate )

to:

a —(1+a?)++/(1+ a?)? — 4a2p?
- 2ap

677 (k), 85" (k) — Bz,6 as \* =0 (4.76)

The convergence rate A (uniform estimate over the domain of attraction) can be es-

timated as:

[(1+6®) + VI + a?)? — 4a?p?)/2 — |ap|VO 1-a? )
(1+ 0)(1 + a20) "(1+ 0)(1 +a20)

A < 1= uVimin(

Proof: See Appendix G.4.

Equations (4.74) and (4.76) indicate that the parameter estimate, §(k), converges
exponentially fast (with rate A) to an O(,/E) neighbourhood of (8 + 12,5, 02 + 612,5).
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Remark:

27.

28.

29.

30.

When the subscriber signals are ‘white’, i.e. @ = 0, and regardless of the cross
correlation, even when the external subscriber signals are identical (perfectly
correlated), the averaged DEC system shows optimal asymptotic behaviour in
that the averaged parameter vector converges to the origin. Consequently, the
original parameter error (81(k), 82(k)) converges to a /& small neighbourhood
of the origin exponentially fast (65 = (f12,5,012,s) = (0,0)). The transients are

governed by a convergence rate overbounded by A < 1 — qum.

In the case in which the external subscriber signals are uncorrelated i.e. p =0
the DEC system shows similar optimal asymptotic behaviour to that of ‘white’
subscriber signals with the parameter error converging to a /i small neigh-

bourhood of the origin exponentially fast. The transientg are governed by a
l1-a

(1+ 0)(1+a20)’

the convergence rate (or at least its bound) is adversely affected by the presence

Notice that

convergence rate overbounded by A < 1 — uV?

of the auto-correlation coefficient a.

In the case in which the subscriber signals are correlated and not ‘white’ i.e.
ap # 0 the DEC system no longer can achieve full asymptotic echo suppression.
The parameter error is biased. The bias grows with both the autocorrelation
and crosscorrelation of the subscriber signals. This is the subject of Figure 4.4.

At the same time the transients become longer.

Many simulations have been carried out on the single tap, single delay DEC
system with correlated first order autoregressive subscriber signals. The results
agree with Theorem 9 and the above discussion. Figures 4.5 and 4.6 provide‘
an illustration by showing the time evolution of the residual echo parameters
(él,k, 6211;) and residual echoes (él,kyz,k_l, éz’kyl,k_l), respectively, for the case
in which the subscriber signals (4.63) have autocorrelation factor a = 0.8 and
crosscorrelation factor p = 0.665. u = 0.002 and V' = 1 for this simulation. As
indicated in Figure 4.5, both residual echo parameters converge approximately
to 512,3 = —0.368, while Figure 4.6 indicates incomplete asymptotic echo sup-

pression.
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4.6.3 Subscriber Signals of Unequal Power

The previous section considered subscriber signals which were of equal power and de-
scribed by the first order autoregressive (AR1) processes of (4.63). In this subsection
we briefly explore the case in which subscriber signals are AR1 processes of unequal

power. In particular, we consider when Assumptions 17 and 18 are replaced by:

Assumption 19

— i(K)wi(k = 1) = Vi#boy| £ —= Vm, M, 1, where V; > 0
157 k;n wi(k)wi(k - 1) ol e where

Assumption 20

el . NS A < —_ <
7 k; wi(k)w;(k = 1) — pV1Vaboy| < ViTi Vm,l, M where |p| < 1

where i,7 = {1,2},i# j.

Consequently, the subscriber signal inequalities of (4.66), (4.67) are replaced by:

1 M+m 1 S
i Y sik)si(k-0)-d'VH < WVm,M,I (4.77)
k=m
i Z si(k)s;(k = 1) — pdWViVy| < ﬁVm,l,M (4.78)
k=m

The following Theorem quantifies the effect, on echo canceller performance, of sub-

scriber signals having unequal power.

Theorem 10 Consider the single tap, single delay DEC system described by (4.18)-
(4.20), Assumptions 1 8,9,13-16,19,20 and

bi(k+1) = 6i(k)- 91(k + Dya(k) 6:(0) = 6,
(4.79)

fa(k + 1) 05(k) — yz(k+1)yl(k) 6,(0) =

Let © € (a?,1). Suppose:

—|01| + —1621 <2V0 <2 (4.80)
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Then there exists a positive constant u * (©,a, p) such that for all positive pu < px*:

|6(k) — 62 (k)|
|9(k, 8= (k)) — y(k)]

O(VE) Vk>0
o(/m) Wk >0 (4.81)

Here §(k, z) is defined in (4.70) and é‘"’(k) is defined by:

0 (k+1) = 9av(k)— Avylyg(l)w“ (k)) 63°(0) = 6,

(4.82)
gk +1) = 08°K) = Lo (B (K)) 8(0) = 6,
whilst B(k) and y(k) are the variables of the DEC system.
Furthermore, if, in addition,
< (1-0)(1 - a?0) (4.83)

14 a?

then the averaged parameters 5{“’(]4:), ég”(k) converge exponentially fast (with rate \)

to:

5 AV2—(1+G2)+\/(1+(12)2 4a?p?

av k
91,k — O, V Sap as A" — 0 (480
av i) yay Vl (1 + (12) + \/(1 + 02)2 4a2p2 k '
0%y — Oy, = as A — 0
’ V2 2ap

The convergence rate A (uniform estimate over the domain of attraction) can be es-

timated as:

(1 + 6®) + /(1 + a?)? —4a?p?] /2 — |ap|vVO 1—a?
A< L= min( 1+ 0)(1+a20) ' T70)(1 +a20)’

Proof: The proof follows along the same lines as the proof of Theorem 9.

Remark:

31. The condition of (4.80) imposes a constraint on the ratio of the power of the
subscriber signals. This condition guarantees that (8%(0),85°(0)) = (61, 6;) lies
in an invariant subset of the domain of attraction of the equilibrium (51,3, 92,3) of
(4.84). However, because (4.80) is only a sufficient condition, its violation does

not necessarily mean (83°(k),85"(k)) will fail to converge to (8; 4,8, ,). On the
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32.

other hand, violation of (4.80) will increase the chances of unstable behaviour,

such as bursting, in the original system. Consider, for example, the case:
Va/Vi > 1 and a,p # 0, such that ;=M > 1
The width of the stability domain
D = {(63*(k), 05" (k)) : |67 (k)65* (k)| < © < 1}

in the region of the equilibrium (6;,625) = (M,1/M) is O(1/M). Recall
that the averaged system only approximates the original system within an er-
ror O(y/&) Thus, if M is sufficiently large, stability problems become a real
possibility.

As indicated by (4.79), the DEC system considered in Theorem 10 is different
to that of Theorem 9, not only because the subscriber signals have unequal
power, but also because the adaptation constant of each echo canceller has been
normalized with respect to the power of the far end subscriber signal. This
normalization was included to enable quantitative estimation of the domain of
attraction of the equilibrium of (4.84).

It is important to note, however, that this normalization does not affect the
location of the equilibrium of the averaged system or, equivalently, the location
of the asymptotic O(,/z) ball to which the original system parameter vector

f(k) converges. This is because the equation:

Avylm(l)(gav(k)) = A”gzgm)(éav(k)) =0

the solution of which identifies the equilibria of the averaged system (4.82), is
independent of any normalization of z. In particular, assume g is sufficiently
small and 69¥(0) = (6, 8;) lies sufficiently close to 8, = (1,5,04,) so that 82¢(0)
is within the domain of attraction of ;. Then the averaged parameter vector
5‘“’(k) of the DEC system with Assumptions 1,8,9,13-16,19,20 and in which p

is not normalized, will also converge to the equilibrium 8, of Theorem 10.

The result of Theorem 10 indicates that when the subscriber signals are of unequal

power, the adverse effect of correlation within and between the subscriber signals on

asymptotic echo canceller performance will be accentuated at one end of the DEC

system and diminished at the other end. In particular, in order to achieve sufficiently

good asymptotic performance of both echo cancellers within the DEC system, the
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autocorrelation and cross correlation of the subscriber signals should be reduced to
smaller levels as the ratio of the power of the subscriber signals increases(decreases)

above(below) unity.

Summary
The rigorous analysis conducted in this section on the single tap, single delay DEC
system with first order AR subscriber signals indicates the following.
(i) Good asymptotic performance is achieved when the subscriber signals show
zero cross correlation and/or are ‘white’.
(ii) The convergence rate is maximum when the subscriber signals are ‘white’.
(iil) When the subscriber signals are not ‘white’, the transient and asymptotic per-
formance deteriorates with increasing autocorrelation and/or cross correlation levels.
(iv) The adverse signal effects on asymptotic performance are accentuated when
the subscriber signals are of unequal power.
(v) As the power ratio of the subscriber signals increases (decrease) above (below)

unity, the size of 4 needs to be reduced to ensure stability.

4.7 Conclusion

In this chapter we analysed the dynamics of a closed loop system representative of
the double echo canceller (DEC) system in which an echo path and a neighbouring
LMS adaptive FIR echo canceller are located at each end of the loop. The system
is driven by subscriber signals entering either end of the loop. A number of analyses
were conducted ranging from semi-formal to rigorous depending on the assumptions
made. In particular, because of the nonlinear dynamics of the DEC system, a number
of simplifying assumptions were needed to enable quantitative/rigorous analysis to be

carried out. The analyses indicated the following,.

(i) When the subscriber signals are cross correlated, the adaptive filtering is biased.
This bias grows and, subsequently, the asymptotic performance deteriorates with
greater cross correlation levels and broader autocorrelation functions of the subscriber
signals. Zero bias and (apart from estimation noise, which is of O(p)) complete asymp-

totic echo suppression occurs when the subscriber signals show zero cross correlation.

(ii) The possibility of nonconvergent/unstable behaviour increases with increasing

cross correlation and/or autocorrelation levels of the subscriber signals.

(iii) The transient performance deteriorates with greater cross correlation levels and
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broader autocorrelation functions of the subscriber signals. The convergence rate is
maximum when the subscriber signals are non cross correlated and are ‘white’, that

is, each is uncorrelated over time.

(iv) Importantly, when both subscriber signals are ‘white’ the cross correlation func-
tion of the subscriber signals will be, in general, zero for all sample lags. [The excep-
tion is the unlikely case of the subscriber signals being replicas or time shifted versions
of each other, in which case the cross correlation function is nbnzero for the lag cor-
responding to the time shift.] Consequently, ‘white’ subscriber signals generally lead

to optimal asymptotic and transient performance.

(v) The adverse effects of broad autocorrelation function and high cross correlation
levels of the subscriber signals are accentuated by an increase in dimension of either

echo canceller.

(vi) The adverse subscriber signal effects reduce as the delay, imposed by the loop
channels, increases. In particular, if the delay of the loop channels is sufficiently
long and the subscriber signals show sufficiently narrow autocorrelation and cross
correlation functions, then the dynamics of the closed loop DEC system simplify to
the dynamics of a pair of decoupled open loop LMS adaptive FIR systems. In this
case, unbiased asymptotic echo suppression is achieved. Furthermore, the transient

performance can be enhanced/optimised by whitening the input signal to each echo

canceller.
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Figure 4.3: Plot of residual echoes over time with 6,(0) = 0.8, 8,(0) = —0.7, u =

0.002 and subscriber signals (a) of Table 4.1(a), (b) of Table 4.1(b), (c) of Table
4.1(c).
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Figure 4.4: Plot of 8)2 s as given in (4.76) for correlated subscriber signals (4.63) with
cross correlation factor p and autocorrelation factor a.
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time, k

Figure 4.5: Plot of 9~1,k, 52,;c over time with (71,0 = 0.8, 52,0 = —0.7, p = 0.002 and
signal parameters a = 0.8, p = 0.665.
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time, k

Figure 4.6: Plot of residual echoes over time with 51,0 = 0.8, 92,0 = —-0.7, u = 0.002
and signal parameters a = 0.8, p = 0.665.
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Chapter 5

Signal Conditioning for Echo
Cancellers

5.1 Introduction

The analyses carried out in Chapters 3 and 4 highlighted the dependence of the per-
formance of the LMS adaptive FIR echo canceller on the correlation characteristics
of the input signal to the echo canceller or of the subscriber signals of the telecom-
munication network. In particular, the analytical results imply that for a given echo
canceller dimension, the transient and asymptotic performance of the double echo
canceller (DEC) system can be improved by whitening the subscriber signals. The
results also suggest that, assuming the delay imposed by the transmission channels of
the DEC system is sufficiently long, transient performance improves by whitening the
input signal of each echo canceller. For sufficiently long transmission channel delays,
unbiased asymptotic echo suppression is obtained, particularly for speech transmis-
sion echo cancellation systems, in which the subscriber signals are typically not cross

correlated.

In this chapter we present two performance enhancing schemes based on these sig-
nal conditioning ideas. The first scheme, examined in Section 2, focusses on sub-
scriber signal whitening. It is only applicable to 4-wire loop circuit echo cancellation,
since access to the subscriber signals is required. The scheme involves filtering the
subscriber signals with digital scramblers. The pseudo-random property of digital
scramblers leads to the filtered subscriber signals being essentially ‘white’. Although,
generally, this is sufficient for good asymptotic performance, a simple extension of

the scheme also is presented which ensures zero cross correlation between the scram-
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bled subscriber signals even in the event that the subscriber signals are replicas or
time shifted versions of each other. Simulations demonstrate the ability of this signal

conditioning scheme to provide enhanced echo cancellation.

The second scheme, which is presented in Section 3, is based on the input signal
whitening approach. This scheme may be used for enhancing either acoustic echo
cancellation or 4-wire loop circuit echo cancellation. Its success relies on the as-
sumption that the input signal to each echo canceller within the DEC system is well
modelled as an autoregressive (AR) process. Such AR modelling is typically employed
for speech. The scheme involves applying standard linear prediction techniques to ob-
tain an estimate of the autoregressive filter and using this filter to whiten the input.
In acoustic echo cancellation, the input signal is that which is received by the audi-
ence in the acoustic enclosure. Consequently, indirect whitening methods, using the
autoregressive filter estimate, are required. Several indirect whitening methods have

been proposed previously. We review and suggest extensions to these methods.

A couple of points concerning the two signal conditioning schemes need to be high-
lighted.

(i) The nature of the scrambler whitening scheme restricts its applicability. Firstly,
the transmission efficiency of digital signals, such as the scrambled subscriber signals,
over analogue channels is typically less than that over digital channels. For example,
the bit rate achievable for digital/PCM encoded voice frequency channels is about
20kb/s [84], far less than the desired rate of 64kb/s - 8 bit words, 8kHz sampling rate
- which is achievable with digital channels. Secondly, signal compression techniques
which are used for reducing the bit rate over digital systems rely on the signals having
redundant ‘information’, or being autocorrelated. These comments indicate that the
scrambling scheme should be restricted to digital networks (including digital local 2-
wire subscriber lines) which do not require signal compression. Fibre optic networks
are suitable. '

(ii) The AR whitening scheme involves two estimators, the echo canceller and the
linear predictor, rather than just the one estimator, the echo canceller, of the standard
approach. In general, such a scheme may not provide transient performance improve-
ments since it involves a greater overall filter parameter dimension, n + p where p
and n are the dimension of the AR filter and echo canceller, respectively. Recall,
however, that the adverse effect of dimension on transient performance grows with
input signal autocorrelation. This was shown for the LMS estimator, but it may also

apply to the linear predictor. With this in mind, performance improvements should
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arise with the the AR scheme because the highly autocorrelated speech based signal is
feeding only the linear predictor, the parameter dimension of which is typically p =10
to 20. This is much less than the parameter dimension of the typical echo canceller,
n = 100 — 4000, which, in the standard approach, is that being fed by the speech
based signal.

5.2 Signal Conditioning with Digital Scramblers

We begin by introducing the scrambler and two common ways in which such devices
can be used to whiten signals as well as decorrelate two identical signals. A discussion
then follows on the use of these scrambling techniques for improving echo canceller

performance in 4-wire loop telephony.

5.2.1 Scramblers

A scrambler, as shown in Figure 5.1, is basically a binary feedback shift register.
Clearly, this requires the summation operator @ to be modulo-2 and the tap delay
coefficients, hy, kg, ..., Am, to be binary. The tap coefficients are chosen such that the
binary polynomial

h(2) =1+ hyz+ hz® + ... +hy 2™

is primitive, that is, has no binary factors other than itself and unity. (Tables of
primitive binary polynomials are given by various authors, e.g. [83], [84].) This leads
to the binary sequence {z} output by the scrambler showing zero autocorrelation or
randomlike properties over a sampling length P, = 2™ — 1. This length P, of zero
autocorrelation is, in fact, the maximum possible for any m-tap binary feedback shift
register. Furthermore, the sequences output by two scramblers having different tap

coefficient vectors will be orthogonal, that is, show zero cross correlation. -

These pseudorandom and orthogonality properties of scrambler sequences are illus-
trated in Figure 5.2. Figure 5.2a shows the autocorrelation function of a sequence
output by a 7-tap scrambler, (the sequence is binary antipodal, {—1,1}) while Figure
5.2b shows the cross correlation function of antipodal sequences output by a 5-tap

and a 7-tap scrambler.
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Figure 5.1: Scrambler (isolated) - modulo 2 feedback shift register, with suitably
chosen binary tap coefficients, h;

5.2.2 Signal Scrambling

A scrambler is commonly employed to interact with a given binary signal, such as
a binary subscriber signal, to produce a scrambled (randomlike) signal. Scrambling
is an attractive process for whitening signals because it is deterministic and, conse-
quently, through the use of a suitable descrambling device, the original signal can
be completely recovered. The scrambling-descrambling process can be carried out by
either of two methods:

1. Frame Synchronized Scrambling/Descrambling

2. Self Synchronized Scrambling/Descrambling

Frame Synchronized Scrambling/Descrambling

Frame synchronized scrambling of an input sequence {bx}, shown in Figure 5.3a,
involves modulo-2-summing the output sample, z, of the scrambler with the input
sample, by to produce ¢; = zj @ bg. The output or scrambled sequence, {cx}, is
- pseudorandom with a period, P., equal to the lowest common multiple (LCM) of P,

the period of the scrambler sequence and, Py, the period of the input sequence [84].

The descrambling process as shown in Figure 5.3b, used to recover the original se-
quence {bx}, involves modulo-2 summing the scrambled sequence {c;} with the out-
put of a scrambler of the same form as the first scrambler. The correct operation
of the frame synchronized scrambler depends on the alignment in time of the states
of the scrambler and descrambler. This is achieved by a mechanism known as frame

synchronization. See [84] for a discussion on this topic.
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Figure 5.2: (a) Autocorrelation function of an antipodal sequence output by a 7-tap
scrambler (isolated), (b) Cross correlation function of antipodal sequences output by
a 5-tap and a 7-tap scrambler (isolated)

Self Synchronized Scrambling/Descrambling

Self synchronized scrambling of an input sequence {bx}, shown in Figure 5.4a, differs
from frame synchronized scrambling essentially by having the scrambled sequence,
{ck}, fed back into the scrambler. This results in the state of the scrambler depending
not only on its initial state (as in frame synchronized scrambling), but also on all of

the past input samples, bg, by, ...., bg. The scrambled samples, ck, are given by:

¢k = b®hick 1@ ...® hmciom (5.1)

The period, P, of the self synchronized scrambled sequence, like that of frame syn-
chronized scrambled sequences, is given by P, = LCM(P;, Py) , where P, = 2™ — 1
and P, is the period of the input sequence. However, there is one exception to this
rule. One of the 2™ possible states of the m-tap scrambler, the determination of
which is dependent on the input sequence, will lead to the output sequences having
a period, P = P, the period of the input sequence, which is a serious limitation if
P, is small. To illustrate this characteristic of self synchronized scramblers, consider
the following example, given in [84]. Suppose we have a self synchronized scram-
bler with a tap coefficient vector A = [1,1]. That is, the output sample is given by

¢k = bg @ cx_1 B cx—o. Now, assume that at some initial time ¢ the input sequence is
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Figure 5.3: (a) Frame synchronized scrambler with input sequence {bt}, (b) Frame
synchronized descrambler

alternating zeroes and ones, period two: (b;, bit1, biy2, biy3, ...) = (0, 1, 0, 1, ...).
If the state of the scrambler at time ¢ happens to be (¢i-1,¢i—2) = (0,1) then the
output sequence is also alternating zeroes and ones, period two. However, if at time
i the scrambler is in any of the other three (= 22 — 1) possible states then the output -

sequence will have period 2x3=6.

Clearly, the probability, 2=™, of a self synchronized scrambler being in the undesirable

state for a given input sequence becomes negligible for sufficiently large m.

Descrambling, as shown in Figure 5.4b, to regain the original sequence, {bx}, involves
inputting the scrambled sequence, {cx}, into a ‘reversely’ (or inversely) structured de-
vice to that of the scrambler. As the name suggests, self synchronized scrambling has
the advantage, over frame synchronized scrambling, of not requiring synchronization
between scrambler and descrambler [84]. Of course, there is still the need for clock

synchronization between the scrambling and descrambling devices.
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Figure 5.4: (a) Self synchronized scrambler with input sequence {b;}, (b) Self syn-
chronized descrambler

Self synchronized scrambling has an important disadvantage. It is unprotected against
error propagation [84]. The sensitivity to error propagation increases with the number
of nonzero taps within the scrambler. In particular, error multiplication is by a factor
equal to the number of nonzero taps plus one [84]. For this reason, self synchronized
scramblers used in practice involve a minimum number of nonzero taps. For many

scrambler tap lengths, this minimum number is three.

Scrambled Signal Characteristics

Consider a sequence which is a constant sequence of zeroes or ones. This sequence
is fully autocorrelated - the correlation length is equal to the sequence length. The
autocorrelation function of the output of an m-tap length self/frame synchronized
scrambler fed by such a sequence is just that of the isolated scrambler, a series of
impulses at lags [ = (2™ —1), i =0,1,2,...- see, for example, Figure 5.2. Intuitively,

as the correlation length of the input decreases, the autocorrelation function impulses
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at the large lag values should disappear. Furthermore, when the autocorrelation
length of the input drops below P, = 2™ — 1, all but the zero lag impulse should
disappear. In particular, it is expected that, if the autocorrelation length of the input
sequence is significantly less than P, then the self/frame synchronized scrambled
sequence should be essentially discrete white. This intuition is supported by a large

number of simulations.

As suggested by the orthogonalizing properties of isolated scramblers and as indicated
by many simulations, the scrambled sequences output by two scramblers (either frame
synchronized or self synchronized) having different ‘primitive’ tap coefficient vectors
are approximately orthogonal or show essentially zero cross correlation, irrespective of
the input signal characteristics. In the case of self synchronized scramblers (because
the state of a self synchronized scrambler is influenced by all of the past input samples
as well as by its initial state), approximately orthogonal sequences can be obtained

from the same scrambler by simply changing the initial state vector.

Figures 5.5 and 5.6 illustrate the whitening and orthogonalizing capabilities of self
synchronized scramblers. Figure 5.5a shows the autocorrelation function of a signal
u(k) described by the first order autoregressive (AR1) model of (3.36) with ¢=0.9.
Prior to scrambling, this signal was 1-bit quantized:

u(k) <0 — u(k) =0, u(k)>0—u(k)=1.

Importantly, the autocorrelation function of the antipodal version of this quantized
signal is the same as that shown in Figure 5.5a. The autocorrelation function of the
antipodal signal after being self synchronized scrambled, with a 7-tap scrambler, is
shown in Figure 5.5b. Scrambling has transformed a signal having a relatively broad
autocorrelation function into a signal having an autocorrelation function resembling

that of a zero mean discrete white signal. Frame synchronized scramblers show similar
whitening capabilities.

Figure 5.6a shows the cross correlation function of two equal AR1 signals (with
a = 0.7). The cross correlation function of the signals, after one of the AR1 sig-
nals was self synchronized scrambled by a 5-tap scrambler and the other by a 7-tap
scrambler, is shown in Figure 5.6b. [Note: the signals were 1-bit quantized prior
to scrambling.] Scrambling has reduced the cross correlation levels approximately
to zero. Similar orthogonalizing characteristics are exhibited by pairs of frame syn-
chronized scramblers having different ‘primitive’ tap coefficient vectors and by pairs of

self synchronized scramblers which differ only by their initial state vectors. Of course,
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Figure 5.5: (a) Autocorrelation function of a first order autoregressive signal of (3.36)
with a=0.9, (b) Autocorrelation function of signal in (a) after being self synchronized
scrambled with a 7-tap scrambler

~ input signals for each tap coefficient vector/initial state vector configuration can be
concocted to show that there are exceptions, but the probability of the occurrence of

such signals is likely to be small.

5.2.3 Scrambler Scheme for Echo Cancellation

The scrambler schemes examined in the previous subsection provide a means of ob-
taining a ‘white’ or decorrelated sequence of bits. Since each sample of a digital signal
is a linear combination of a block of bits and the blocks corresponding to each sample
do not overlap, then a white sequence of bits implies a white digital signal. This then
suggests that a scheme based on the use of scramblers to scramble the bits of the dig-
ital subscriber signals in a DEC 4-wire loop system should provide enhanced/optimal
echo canceller performance. Such a scheme is shown in Figure 5.7a. It involves plac-
ing frame synchronized or self synchronized scramblers having the same configuration
(tap coefficient /initial state vectors) with the subscriber digital transmitters and cor-
responding descramblers with the digital receivers. Use of such a scheme, in general,
should lead to the digital signals entering the 4-wire loop showing approximately delta
shaped or ‘white’ autocorrelation functions. In general, the signals will also show zero

cross correlation.

116



0% 50 100 150 200 250 300
1 , ; ; ,

0.5t
(0] "

0% 2000 2000 6000 8000 10000

Figure 5.6: (a) Cross correlation function of two equal first order autoregressive signals
of (3.36) with a=0.7, (b) Cross correlation function of the signals in (a) after one was
self synchronized scrambled by a 5-tap scrambler and the other by a 7-tap scrambler

An exception to the occurrence of ‘white’ scrambled subscriber signals is that in
which the autocorrelation length of the subscriber signal approaches or extends past
P, = 2™ — 1, where m is the tap length of the scrambler. However, the likelihood of
this occurrence is negligible when scramblers, having sufficiently long tap coefficient
vectors e.g. m = 23, are selected. In the case of self synchronized scrambling, the
tap coefficient vectors should each have a minimal number of nonzero taps so as to

minimize the error multiplication factor (discussed in section 5.2.2.).

An extension of the basic scheme involves providing each subscriber with an orthogo-
nal or differently configured scrambler. Such a scheme ensures zero cross correlation
between the scrambled subscriber signals even in the event that the subscriber sig-
nals are identical or time shifted versions of each other. A possible problem might
be foreseen in providing each subscriber with a differently configured scrambler. This
may be a serious limitation with frame synchronized scramblers. However, it should
not be a significant problem with self synchronized scramblers for which a different

configuration can be obtained by not only changing the tap coefficient vector, but
also by simply changing the initial state.

An alternative approach to that of providing each subscriber with a differently con-

figured scrambler is that in which each subscriber is provided with the same pair of
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Figure 5.7: Scrambler line coding schemes proposed for improving echo cancellation in
DEC 4-wire loop networks, (a) Basic scheme - each subscriber uses the same scrambler
configuration, (b) Paired scheme - all subscribers have the same pair of differently
configured scramblers

differently configured scramblers/descramblers - as illustrated in Figure 5.7b. This
approach relies on the assumption that each subscriber link-up involves no more than
two subscribers (although it could easily be extended to allow for more subscribers in
a link-up.) Zero cross correlation of the scrambled subscriber signals can be obtained
by ensuring that both subscribers do not select the same configuration. The selection
of different configurations would be easily carried out during the establishment of the

subscriber link-up.

5.2.4 Simulations

We conclude this section by comparing the results of simulations of LMS/FIR echo
canceller performance in DEC systems with and without the scrambler scheme em-
ployed. The simulation conditions were the same as those described in Chapter 4
Section 4.5 and Table 4.1. In all of the simulations the subscriber signals were con-
verted into 1-bit quantized antipodal sequences. In each of the simulations involving

scrambling, the following self synchronized scramblers were used:
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Scrambler 1 Tap coefficient vector: [01001] Initial state vector: [00001]
Scrambler 2 [0010001] [0000001]

The simulation results are given in Figure 5.8, which shows plots of the variation in
residual echo level over time at one end of the DEC loop. The residual echo level
over time at the other end of the DEC loop was observed, in all cases, to be similar
to that shown. In simulation (a) the subscriber signals are uncorrelated AR(0) or
discrete white signals. As expected, good performance is achieved with or without
the scrambling scheme employed. In both simulations (b) and (c), each subscriber
signal has a relatively broad autocorrelation function. In simulation (c) the subscriber
signals also show a relatively broad cross correlation function. In both of these latter
simulations, the use of the scrambler scheme has led to a greatly improved (transient

and asymptotic) performance.

5.3 Signal Conditioning via Autoregressive Filtering

In this section we examine the second signal conditioning method, the objective of
which is to enhance transient performance by whitening the input signal to each echo

canceller. A basic assumption of the method investigated is that the input signal, like

speech, is well modelled as an autoregressive (AR) process:

u(k) = Zig—’ﬂ—)- (5.2)
where w(k) is a zero mean discrete white signal and A(g™!) is an FIR filter of tap
length p =10 to 50. Under this assumption, approximate whitening of the input
signal should be achieved simply by filtering the input signal with an estimate A(q'l)
of the filter A(¢™!). In acoustic echo cancellation, however, such a scheme is not
permitted since the whitened input signal is that which is received by the audience
in the acoustic enclosure. In this section we examine and suggest extensions to a

number of proposed approaches which address this problem.

In this section we do not consider AR filter estimation. There are standard tech-

niques/algorithms for such estimation. One popular technique is presented in Ap-
pendix D. .
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Figure 5.8: Plot of residual echo over time (i) without and (ii) with the scrambling
scheme of Figure 5.7b employed for 6;(0) = 0.8, 62(0) = —0.7, p = 0.002 and sub-
scriber signals (a) of Table 4.1(a), (b) of Table 4.1(b), (c) of Table 4.1(c)

5.3.1 AR Based Whitening Schemes

Consider the standard LMS adaptive open loop system of Figure 5.9. Again, we
assume that the echo path and echo canceller are n-tap FIR filters parametrized by
the filter vectors @ and 5(k), respectively. We assume that the input u(k) to the echo
path/canceller is well modelled by a p** order autoregressive (AR) process, which is

possibly non-stationary:

u(k) = w(k)—[a1(k)u(k — 1) + a(k)u(k — 2) + ... + ap(k)u(k — p))
or w(k) = Ak)TUL(k)
where A(k) = (1 ay(k) ag(k) ... ap(k))T
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Ua(k) = (u(k) u(k —1) u(k —2) ... u(k — p))T
and w(k) is a zero mean ‘white’ signal of variance o2 (k). Let
AR) = (1 ay(k) ag(k) ... ap(k))F
be an estimate of the AR filter vector A(k). Furthermore, we define:

w(k) = A(k) Ua(k)
W(k) = (k) bk —1) bk —2) ... 0k—n+1)7T
Sa(k) = (s(k) s(k—1) s(k—=2) ... s(k = p))T

When A(k) = A(k) then
EW(kR)W (k)] = Toy(k)
where I is the n X n identity matrix.

Using the above notation and assumptions, we now examine a number of AR filtering

schemes which have been proposed, particularly for acoustic echo cancellation.

s(k) + vk) + y(k)

MES ) ?’i(k)
0 g

u(k)

Figure 5.9: The standard LMS adaptive open loop system

Scheme A

The first scheme, which we call Scheme A, and which was proposed in [37] is illus-
trated in Figure 5.10. This scheme involves filtering/whitening of the input to the
echo canceller via the estimate A(¢~'). Refiltering of this filtered signal with 1/ A(g~1)
just prior to the echo path ensures that the original input signal is received by the

near end subscriber/acoustic enclosure. Filtering with A(q‘l) is again employed after
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the echo path in an attempt to decorrelate the input signal within the echo. LMS
adaptation of the echo canceller uses this filtered echo+disturbance signal as well as
the filtered input signal A(¢~!)u(k). The adaptation is summarized by the following

set of equations.

Ok +1) (k) + pW(k)z(k) (5.3)
a(k) = A(k)TSa(k)
AR [0TU (k) TU(k — 1) ... 67U (K — p)|T
—6(RYT AR UL (k) Ak = 1)U (k= 1) . Alk—n+ DTUL(k—n+1)T
= A(k)TS,(k) (5.4)
+OT AT UL (k) A(K)YF UL (k = 1) ... A(R) UL (k-n+1)T
—6(k)TW (k)

where U(k) = (u(k) u(k — 1) u(k — 2) ...u(k —n + 1))T.

sk) + v(k) + y&)

A@h) - Va@! ———
2w . z(k»
A
B -~

1/A(q!

u(k)

Figure 5.10: The LMS adaptive open loop system with AR whitening Scheme A

When the autoregressive estimate is time invariant A(k) = A (which requires the

input to be stationary), then z(k) of (5.4) can be rewritten as

z(k) = A(k)TSa(k) + (8 = (k)T (AT (Ua(k) Us(k = 1) ... Us(k - 2 + 1))%(5.5)
A(E)TSa(k) + (6 - 6(k))TW (k) (5.6)

and the update equation for the echo canceller becomes
Bk +1) = (8 — 6k + 1)) = [ — pW (KW (BYTI(K) + pARYT Sa(k)W(K)  (5.7)
Assuming A is a good estimate of the time invariant AR filter vector A then
EW ()W (k)] ~ Io?
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Consequently, the echo canceller converges at a rate similar to that when the input

signal to the echo canceller/path is white.

Speech, however, is nonstationary and, therefore, the autoregressive estimate is time
varying. In this case z(k) does not, in general, take the form of (5.5),(5.6). In par-

ticular, if the nonstationarity of the input extends only over M < n sample intervals
then

ARYTU,(k - i) = d(k — i)

only holds for 0 < 7 < M. One approach proposed by [37] and [87], involves retaining
the same AR estimate for » sample intervals, where = is the tap length of the echo
canceller. We will call this approach in combination with (5.3) Scheme A1l. Under
Scheme Al, (5.5) holds. However, clearly this scheme does not address the actual
problem, since (5.6) and (5.7) only follow if the stationarity of the input signal extends

past n sample intervals.

The stationarity of speech is typically about 160 sampling intervals at an 8kHz sam-
pling rate, while at the same rate, the dimension n of acoustic echo paths ranges from
200 to 4000. Thus, in many acoustic echo cancellation cases, Scheme A1l (like scheme

" A) may lead to poor AR estimation and provide far from white input convergence

rates.

Scheme B

A more recent approach proposed [36], [88], [89] is illustrated in Figure 5.11. In
this scheme only the signals used in the LMS adaptation algorithm are filtered. The

update equation for this approach, which we label Scheme B, is

Bk+1) = B(k)+uW(k)A(K)TYa(k) (5.8)
Ya(k) = Su(k)+[6TU(k) 67Uk ~1) ... 67U (k — p)| (5.9)
— TR U(E) 6T (k= YUk =1) ... % (k — p)U(k — p))*

A modified version of Scheme B is proposed in [88]. It involves replacing
k—-i)=0(k-)U(k—14), i=1,2,..,p

in (5.9) by
3k —4) = 0(k)U(k —1), i=1,2,..,p.
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~ Figure 5.11: The LMS adaptive open loop system with AR whitening Scheme B

That is, the most recent estimate 9(k) is used to obtain ‘improved’ estimates of the
last p echo samples. This modification, in general, requires an extra pn multiplications
per sampling interval. The update equation for this modified version, which we call
Scheme B1 is:

6(k+1) 0(k) + pW (k) A(K) Y, (k) (5.10)
Va(k) = [Ua(k) Us(k —1) ... Us(k —n+ )]0 - 6(k) + Sa(k)  (5.11)

which implies

(@—0k+1)=0k+1) = (I-pW(E)AKR)[Ua(k) Us(k = 1) ... Us(k — n+ 1)])6(k)
—uW (k)A(k)T Sa(k) (5.12)

This scheme, like Schemes A, Al and B, experiences problems with non-stationary
input signals - the update equation of (5.12) resembles the LMS equation for a white
input, only when the input signal is stationary over a period of at least n sample
intervals. The configuration of Scheme B, B1 however, enables the nonstationary
input problem to be reduced. In particular, consider the update equation in Scheme

B1 for the i** tap coefficient of the echo canceller:
0:(k + 1) = B;(k) + pi(k — i) A(k) Yo (k) (5.13)

The same whitening filter Ag(g~!) is used in the updating of all tap coefficients.
Equation (5.12) implies that this is the root of the problem. An alternative, which
is hinted at, but otherwise ignored in [88], involves using different, more appropriate

whitening filters for each tap:
i(k + 1) = 6;(k) + pi(k — ))A(k — i)Y, (k) (5.14)
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which implies

Gi(k+1) = 6;(k) — pi(k—)Ak — )T S, (k) (5.15)
—ptb(k = ) Ak — )T [Us (k) Ua(k = 1) ... Ug(k — n+ 1))(8 - (k)

We call this approach Scheme B2. Assuming the input signal is stationary over a
period of M sample intervals, this scheme leads to the adaptation of the i** tap being
decoupled from its M nearest taps: 9;_M/2, ceey 9i+M/2- The coupling with the taps
outside of the M tap neighbourhood will grow with the nonstationarity of the input

signal, but, in many cases, will be ‘small’.

The increase in complexity per sample interval of the scheme described over Scheme
B1 is np. However, by using the same whitening filter vector A(k — ¢) in the update
equations for each of the taps in the M tap neighbourhood of tap i, the increase in

complexity is only np/M.

A third version of Scheme B, which we label Scheme B3 and appears to be novel,
uses different AR estimates, as in Scheme B2, but does not use the modification
of Scheme B1l. The success of this scheme relies on the update stepsize u being
sufficiently small so that 67(k) changes slowly with time in comparison to the signals.
Under such conditions, the dynamics of Scheme B3 approximate those of Scheme B2,

at least on the short/fast time scale of the signals.

Remark:

1. The error in 9(k) arising from the slowly time varying approximation used in
Scheme B3 is similar to that due to the averaging approximation used in Chap-

ters 3 and 4 and, consequently, is typically O(u?), where 0 < 8 < 1.
5.3.2 Discussion

The brief analyses of the previous subsection indicate that of the schemes presented,
Scheme B2, in general, should provide the best convergence rate improvements over
the standard LMS adaptive FIR echo canceller. Furthermore, in many cases, the tran-
sient performance of this scheme should closely resemble that achieved with ‘white’
input signals. The improvements obtained with the remaining schemes should ap-
proach that of Scheme B2 when:

(i) p is sufficiently small - Scheme B3;

(ii) the stationarity of the input signal extends past n sample intervals - Schemes A,
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Al and BI;
(iii) p is sufficiently small and the input stationarity extends past n sample intervals
- Scheme B.

In [36] and [88] the results of various simulations involving Schemes Al, B, Bl and
the direct AR filtering scheme of Figure 5.12 are reported. The simulations involve
an ‘unknown’ channel, the impulse response of which is based on measurements of an
acoustic echo path. The impulse response length was 512 samples with a sampling rate
of 8kHz. The input was speech. A new AR estimate was obtained every M = 160
samples. The results reported were an average over either 7 speakers [36] or 16
speakers [88]. The value(s) of the stepsize p used was not given. It is indicated
that each of the three indirect AR filtering schemes provide transient performance
improvements over the standard LMS adaptive FIR echo canceller. Furthermore, the
transient performance of the these schemes was ‘close’ to that obtained by the direct
AR filtering/whitening scheme. In fact, the transient performance of either Scheme

Al or Scheme B1 was indistinguishable from the direct scheme.

s(k) + v(k) + y(k)

— A(q'l)
taw )
) \§k<)

A(q'1 )

u(k)
Figure 5.12: The LMS adaptive open loop system with direct AR filtering scheme

The ability of the indirect AR filtering schemes to provide transient performance im-
provements similar to that obtained with direct AR whitening is further supported
by simulations carried out for the thesis. The simulation conditions, however, were
less realistic than those reported in [36] and [88]. In particular, the signals used
were not speech but synthesized AR signals derived from measured speech signals.
Furthermore, the impulse response of each of the unknown channels used was arbi-
trarily chosen. The tap lengths ranged from 50 to 300. The simulations indicated
that all indirect schemes, presented in the previous subsection, performéd as well as
the direct AR filtering scheme. These results were obtained for stationary as well
as non-stationary input AR signals. It should be added, however, that each of the

non-stationary signals used was derived from a periodic sequence of AR processes.
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Remark:

2. Tt was noted in [36] and [88] that the performance of the echo canceller in
Schemes B and Bl was improved by introducing an appropriate delay v into
the upper AR filter - that used to filter the feedback signal y(k). This delay,
effectively, compensates for any delay within the echo path and echo canceller.
Use of such delays in the upper AR filter(s) of Schemes A,A1,B2 and B3 should

also improve their performance.

A comparison of the complexity of the AR whiteniﬁg schemes presented is given in
Table 5.1. In all but Scheme Al it is assumed that the AR estimate is obtained only
once every M < n samples, where the choice of M depends on the stationarity of
the input signal. In Scheme Al the AR estimate is obtained once every n sample
intervals. The table includes the number of multiplications required to obtain an
AR estimate once every M samples via the Levinson-Durbin algorithm , which as
indicated in Appendix D, is approximately 2p + (4p + p*)/M.

Table 5.1: Comparison of Complexity

| Scheme | Multiplications per sample | Memory |

Standard | 2n n

A 2n + 6p + (4p + p°)/M 3n + 3p
Al 2n + 6p + (4p + p*)/n 3n + 3p
B 2n+4p+ (4p + p*)/M 3n+ 2p
Bl (2+p)n+4p+ (4p+p>)/M 3n + 2p
B2 (2+p+p/M)n+4p+ (4p+p*)/M | 3n + 2p
B3 (2+p/M)n+4p+ (4p + p*)/M 3n+2p

Typically, the order of the AR filter for speech is p = 10 to 50. Studies carried out
in [36], [88] indicate that good transient performance is achievable with AR filters of
lower order p < 10. Combining this with the fact that for acoustic echo cancellation
n = 400 : 4000 suggests that the complexity of the AR whiténing schemes is deter-
mined largely by the size of n. Consequently, Schemes A, Al and B typically introduce
very little extra computational cost over the standard approach. For speech input
signals in which the stationarity length M =~ 160 is considerably larger than the AR
model order p ~ 10, Scheme B3 also introduces little extra computation. On the
other hand, the cost of Schemes Bl and B2 is about (2 + p)/2 times, that of the
standard approach.

It is suggested in [88] that the performance benefits gained in Schemes B and Bl
by increasing the AR order, drops quickly after p = 1. In fact, for Scheme B1, an
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order of p = 2 is suggested to be optimal for the lower (input signal, u(k)) AR filter,
while p = 1 is suggested for the upper (residual echo signal, y(k)) AR filter. This
reduction in AR filter orders is taken further in [89], where it is suggested that the top
AR filter is not needed in Scheme B. It should be added that the algorithm used in
[89], although similar to Scheme B, employed modifications such as variable stepsize.
Taking these comments into account, the computational cost of Schemes Bl and B2,

in practice, may be only 2 to 3 times that of Schemes A, Al and B.

As usual, the most appropriate choice of the indirect AR schemes presented depends
on the importance of low computational cost relative to performance. This choice
is influenced by the system properties. When the input signal is stationary, the low
cost Schemes A, Al and B should be chosen. As the signals become more non-
stationary then, as long as p is sufficiently small, Scheme B3 should be chosen - it
provides the best compromise between cost and performance. It should be added that
a disadvantage of Schemes A and Al is that of poorer tracking capabilities of the echo
path. This is due to the delay introduced by the inverse AR filter and the AR filter
located just before and after the echo path, respectively.

5.4 Conclusion

In this chapter we presented two signal conditioning schemes, the objective of each
being to improve the performance of LMS adaptive FIR echo cancellers in speech
transmission telecommunication networks. The first scheme focussed on whitening
the subscriber signals of the telecommunication network and, consequently, is not ap-
plicable to acoustic echo cancellation. It involved placing a low computational digital
scrambling/descrambling device with the transmitter/receiver of each subscriber. The
scrambled subscriber signals typically show ‘white’ autocorrelation functions and zero
cross correlation. Under some circumstances, cross correlation may occur. A simple
extension of the scheme, which basically has each subscriber using a different scram-
bling device, removes this adverse possibility. The scheme is expected to enhance
the performance of the LMS/FIR echo cancelling system to that achieved with white

uncorrelated subscriber signals. This is supported by simulations.

The second scheme focussed on whitening the input of each echo canceller within the
network. As indicated by the analyses of Chapter 4, the success of this approach
relies on the transmission delay, imposed by the central 4-wire loop channels, being

sufficiently large. The scheme, which may be used for both 4-wire loop circuit echo
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cancellation and acoustic echo cancellation, assumes that the input signal, like speech,
is well modelled as an autoregressive (AR) process. In acoustic echo cancellation, use
of an estimate of the AR filter to whiten the input directly is not permitted - the
input is that received by the acoustic enclosure. Alternative schemes, using additional
filtering or based on AR filtering only of the signals used in the LMS algorithm, were
examined. The computational complexity of such schemes is generally comparable to
that of the standard LMS/FIR filter. The schemes should improve the performance
of the LMS/FIR filter and, in many cases, the performance should match or closely
approach that achieved with white input signals.
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Chapter 6

Dimension Reduced LMS/FIR
Estimation

6.1 Introduction

The analyses of Chapters 3 and 4 indicated that an increase in the parameter di-
mension of the LMS adaptive FIR echo canceller adversely affects the transient and
asymptotic performance of the echo canceller (Chapter 3) and of the double echo
canceller telecommunication network (Chapter 4). This adverse dependence is accen-
tuated by high signal correlation levels and can be reduced significantly by applying
the signal conditioning schemes proposed in Chapter 5. However, even when the net-
work’s subscriber signals and/or the echo cancellers’ input signals are white and non
cross correlated, an increase in dimension n leads to a deterioration (linearly in n) in
asymptotic performance - when the update stepsize p is fixed. On the other hand, if
u is reduced so as to maintain asymptotic performance, then an increase in dimension

leads to a linear reduction in transient performance.

These comments imply that significant improvements in asymptotic and/or tran-
sient performance might be achieved by basing the echo canceller on more efficiently
parametrized models (of echo paths) than the standard FIR model. This approach
has been followed before and lead to the investigation of IIR parametrized models,
particularly for acoustic echo cancellation. However, as indicated in Chapter 2, de-
spite the reduction in parameter dimension, IIR based echo cancellers are generally
inferior to the FIR echo canceller. A less ambitious, more flexible parametrized model
is that in which a number of the FIR taps are fixed to zero or, effectively, are made

‘inactive’. Such a parametrization may be suitable for echo cancellation since, as
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discussed in more detail in Section 6.2, the impulse response of an echo path typically
shows inactive or zero regions. An appealing feature about this ‘active’ parametriza-
tion is that, unlike the IIR parametrization, it is FIR based and, consequently, the
analytical results of Chapters 3 and 4 apply, at least qualitatively.

The ‘active’ parametrization has been used by various authors such as [40], [39] in the
development of algorithms for channel estimation applications such as echo cancella-
tion. The approach taken in [40] to estimate the active taps involves: (i) detecting
the position of the most active (largest) tap by comparing cross correlation estimates:
i V(k)u(k — i)}
Zg=i+1 u?(k - i)
where v(k) is the observed output of the echo path; (ii) LMS adaptively estimating

position of most active tap = arg; ma.x{ (6.1)

the coefficient of this tap; (iii) by effectively removing this estimated tap, detecting
the position of the second most active tap; (iv) repeating the procedure until all m
active taps are estimated. As reported, such an approach leads to improved LMS

convergence properties when m is sufficiently small.

The alternate approach taken in [39] aims at jointly (position) detecting and (co-
efficient) estimating the m most active taps by comparing Normalized Least Mean
Square (NLMS) estimates of each tap coefficient. At any one time only m > m taps
out of a total of n taps are estimated. After a given number of iterations, the m
most active taps are chosen while the remaining m — m (least active current) taps are
replaced by other taps not previously considered. The procedure is repeated until all
n taps have been considered. Reported simulation results indicate convergence rate

improvements over simultaneous NLMS estimation of all n taps.

A possible modification to the approach of [39], so as to achieve further convergence
rate improvements, would be to use estimation algorithms, such as the Least Squares
(LS) algorithm, which converge faster, at least initially, than the LMS algorithm.
This, however, would lead to greater computational requirements. An alternative
approach is to use a suitable low computational approximation of the LS algorithm
to detect the position of the active taps prior to LMS estimation of their coefficients.
This is the basis of our approach. In particular, we show through ‘concrete’ analysis,

that for white input signals a more suitable measure of tap activity than that of (6.1)

_ IS Ryl 9
Zjly=i+1 u?(k — i)

A number of issues concerning this approach need to be addressed. In particular,

X; (6.2)

131



having detected the position of the active regions, and copied these into the echo can-
celler prior to estimation, under what conditions can we expect improved estimation
performance. Problems are likely to occur if the input signal is autocorrelated, since
this would lead to coupling of the taps (both active and inactive) within the echo
canceller. Biased estimation may result. Such coupling may also affect the accuracy
of the detection procedure. Another issue is that of the additional computational
complexity introduced by the ‘active’ tap detector. As we shall see, the coupling and
computational difficulties are avoided or minimized by ensuring that the input signal

to the echo path/canceller is ‘white’.

The chapter is organized as follows. We begin in Section 2 by examining typical
circuit and acoustic echo path impulse response structures. This suggests that, for
an echo path having an n-tap long impulse response, a suitable parametrization for
the echo canceller is that in which n — m of the taps are set to zero. The number m
of nonzero or ‘active’ taps maybe chosen a-priori or, preferably, determined on-line.
In Section 3, we formalize our system with a number of assumptions. In Section 4 we
conduct a brief analysis to indicate that when the input signal is ‘white’, this active’
tap parametrization provides unbiased estimation as well as improved performance.
In Section 5, we develop low complexity procedures, based on the Least Squares (LS)
method, for detecting the number and positions of the active taps of the echo path.
Using the results of Section 5, we propose in Section 6 a low complexity algorithm
for on-line detection (of position) and LMS estimation (of coefficients) of the active
taps of the echo path. Simulations demonstrate the performance advantages of this

algorithm over the standard LMS algorithm.

6.2 Echo Path Structures

As mentioned in Chapter 1, circuit echo paths within 4-wire loop telephony networks
typically have impulse responses that consist of an initial inactive (or zero) region
followed by a dispersive (or nonzero) region [1]. Furthermore, the inactive region
maybe considerably longer than the dispersive region. This suggests that a suitable
parametrization for circuit echo cancellers is that in which the coefficients of the first

M FIR taps is set to zero, where M is an unknown number to be determined.

Like circuit echo paths, the impulse responses of acoustic echo paths may also show
an initial flat region. They may also show a sparse structure - that is, nonzero

taps or groups of nonzero taps sparsely separated by taps having zero or insignificant
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coefficients. This sparse structure description is suggested by the fact that only certain
acoustic tracks between the loudspeaker (receiver) and microphone (transmitter) of
the acoustic enclosure will involve dominant reflection points, such as walls. Such
tracks result in dominant nonzero taps (or small groups of dominant nonzero taps)
within the impulse response of the acoustic echo path. Furthermore, these nonzero

taps will tend to be sparsely separated and their number, considerably less than the
total tap length of the echo path.

This sparse structure description for acoustic echo paths also has been suggested
by other authors, [90], [91]. In particular, [91] proposes as a model for acoustic echo
paths, a sequence of two filters such that the overall impulse is formed by the response
of an FIR filter driven by a sparse delta sequence. An examination of acoustic echo
path impulse responses lends support to this notion that acoustic echo paths are
sparsely structured. An example is shown in Figure 6.1a. This impulse response
was derived from a measured acoustic echo path impulse response, Figure 6.1b, by
applying the technique presented in Appendix E, which essentially removes the effects
of estimation/measurement noise. The measured impulse response of Figure 6.1b was

obtained ! from a room approximately 5m x 10m x 3m.

0.5 T

05 1
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-05¢ :
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Figure 6.1: Acoustic echo path impulse response showing sparse structure: (a) is de-

rived from the measured impulse response shown in (b) via the technique of Appendix
E.

!The measurements were made by CSIRO Radiophysics, Sydney, Australia.
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The above comments suggest that a suitable parametrization model for both circuit
and acoustic echo cancellers is that of an FIR filter in which the coefficients of n — m
of the n FIR taps are set to zero. The remaining m taps are allowed to be nonzero
or ‘active’. The position or lag of each of these active taps is to be determined. The
number m should also be determined, although, a simpler approach might involve

selecting a value for m, one which over-estimates the number of active taps.

6.3 System Description

Throughout this chapter we consider the open loop LMS adaptive estimation set-up
of Figure 1.5 of Chapter 3. We assume that Assumptions 1-6 of Chapter 3 are valid -
see Appendix I for an easy reference to these assumptions. At sampling instant k, the
input to the echo path/unknown channel is u(k), an additive disturbance s(k) occurs
within the unknown channel, v(k) is the observed output of the unknown channel and
2(k) is the output of the unknown channel estimator. As will become evident in the
following sections, to avoid problems with the use of the active tap parametrization as
well as to enable the development of our fast, low computational active tap detection

schemes, we require that the input signal satisfies the following assumption.

Assumption 21 The input signal is uncorrelated over time (white) such that the

autocorrelation matriz of the input signal u(k):
R, = oI

where I is the n X n identity matriz and o2 is the variance of u(k).

The use of the active tap parametrization is based on the validity of the following

assumption.

Assumption 22 The time invariant n-tuple FIR modelled echo , ©(q~1), has only

m < n nonzero taps:
O(¢7") = bjy g7 + b g™ + o 4 b (63)

where 0 < 5, < fiy1 < m, 1=1,2,...,m.
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Remark:

1. Assumption 22 is rather general. Clearly it includes the case in which the echo
path has a sparse impulse response structure, typical of acoustic echo paths, and
the case in which the impulse response has an initial flat or ‘inactive’ region, as

in circuit echo paths.

6.4 Requirements and Benefits of Active Tap Parametriza-
tion

In this section we argue that the active tap parametrization tends to cause difficulties,
unless the input signal is white. After invoking Assumption 21, we then carry out a
brief analysis to indicate the benefits such a parametrization can yield when the echo

path satisfies Assumption 22.

Counsider the case in which the input is filtered white noise, w(k):
u(k) = F(g™)yw(k), E[w(k)]=oj

The observed output of the echo path of Assumption 22 is:

v(k) = O(¢7")F (g~ )w(k) + s(k) = i b F(qYyw(k — ji) +s(k)  (6.4)

t=1

and the output of the estimator ©(¢~1) with all n taps active is:

(k) = 6(a™ Y F(a™ (k) = 3 BiF(g™ (k- i) (6.5)
The quality/performance of the estimated modelkcan be measured by (for fixed
O(¢™Y)), E[(v(k) — 2(k))?). Observe that:

El(o() = (0] = 3= [ 10(e) - B(e ) |F(e)Potdu + 0 (66)

The input signal filter F(q™!) results in a frequency weighting on the estimation
error, that is, a biased estimation error. In the time domain, this may be interpretted
as coupling between the taps of the residual filter @(¢~!) — @(¢~!). In particular,
coupling leads to nonactive taps appearing to be active and active taps appearing less
active. Under such coupling, the detection of active taps and the unbiased estimation
of their coefficients is likely to be difficult.
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The coupling increases as the impulse response of F(g~!) lengthens, or equivalently,
as the input becomes more autocorrelated. On the other hand, coupling can be
reduced by using approximate input signal whitening schemes. If the active taps
are sufficiently sparsely separated, the whitening schemes may remove the coupling
completely. Zero coupling, however, is only guaranteed when the input signal is white

or satisfies Assumption 21, so that

F(g™h) =1=|F(e®)|

Under the validity of Assumption 21, the following discussion motivates the use of

the active tap parametrization. When the input is white (6.6) becomes:
m
Elv(k) = 2(k))?] = [D_(bji = 6;)" + X_ 6lo% + o (6.7)
i=1 i#i;

Note that the taps of the estimates are decoupled. Define
A ~
AG;(N)=6; - 6;(N)

where N is the number of data points used to obtain the estimate. Since the input is
white, then the following property will hold asymptotically in N for different estimates
of 8;.

A}igloc{AH;(N)} ~ AsN(0,0;),

lim E(A(N)AG(N) =4 % =7

For example, the cross correlation estimator

é,‘(N) _ [Zi\;iﬂ v(k)u(k — ’)]

Z{c\f:i-kl U(k - z)2

has this property with o; = ‘!’FT?VE—T) The same holds for the least squares (LS)

estimator. The equivalent result for the LMS estimator is:

o; =\/uo2/2 (6.8)

Consequently, with expectation now with respect to A8;(N):

E (% / : 19(ei) - @(e*w)|2agm)

= [En: 0'12] 0’3 (69)
i=1
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This implies that the asymptotic error increases linearly with the number of estimated
coefficients. On the other hand, as indicated by (6.7), neglecting to estimate a tap
b;; which contributes to v(k) results in a bias error. The corresponding error is

proportional to:

bi.oﬁ
The above discussion indicates that improved asymptotic performance of the LMS
estimator (and of the LS estimator) can be expected by estimating only those taps
which satisfy:

2 > o?

that is, only those taps which can be distinguished from the estimation noise, or, are

“active”. This clearly motivates the use of active tap detection schemes.

Remark:

2. The above discussion does not consider transient performance. However, as
quantified in Chapter 3, when the input signal is white (that is Assumption 21 is
valid), then for fixed g, the convergence rate of the LMS estimator is essentially
independent of the number of estimated coefficients, n. On the other hand,
if an improvement in asymptotic performance is not as important as transient
performance, then g could be increased linearly as the number of estimated
coefficients n decreases. According to the analyses of Chapter 3, this leads to

the asymptotic performance being maintained and the transient performance

increasing linearly.

In short, a reduction in the number of estimated parameters (but not below the
number of active taps within the echo path), improves transient performance (if
u is increased with decreasing n) or asymptotic performance (if p is fixed). The
LMS estimation algorithm presented in this chapter considers only the case of

fixed u - which results in enhanced asymptotic performance.

6.5 Active Tap Detection

In this section we develop procedures, based on the Least Squares (LS) method, for
" detecting the position of the active taps of the FIR modelled echo path. We begin by
considering the case in which the number of active taps, m, is known, or, alternatively,
the case in which we want to detect only the m most active taps. By modifying

the LS method appropriately, we then develop a simple scheme for determining the
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number of unknown active taps, in addition to detecting their positions. Simulations
demonstrate the ability of the scheme to detect the correct number of active taps even

with an input to disturbance ratio of 0dB.

Consider the echo path as described by Assumption 22, which we parametrize by the

n long parameter vector 6:

= (0(.71 - 1)’ bju 0(.72 -h- ]-)a bjza ooy O(Jm - jm—l)a bjm’ O(n - jm))T (610)

where 0(j) is the zero matrix of size 1 X j. Our aim is to determine the positions
of the m nonzero elements of §. We can achieve this by obtaining an estimate § of
6 which has only m nonzero elements. An approach to obtaining this estimate is to

consider minimizing the Least Squares cost function:

N
VN(B(N)) = Y_(v(k) - U(k)TH(N))? (6.11)
k=1

under the restriction that all but m elements of § are zero. As before, U (k) is the

n X 1 input signal vector at time k.

To write this more formally, we introduce the following notation.

™ 2 the set{t1, %2, ..; tm}
N m A - - o
BN, t™) = (bey(N), biy(N), ory b (V)T
2 n X m matrix with

J(t™)
' lthrow = O(m) if 1 # t;
Ithrow = (0(t; — 1),1,0(m — t;)) if | = ¢;
The restricted LS cost function of (6.11) can be then rewritten as:
VN(O(N,t™) = N[J@™B(N, ™) = 655 (N ) RN[I(E™)B(N, ™) - 655 (N)]
+ Vn(8ES(V)) - (6.12)

where #L5(N) is the unrestricted LS estimate (that is, all n elements of X5(N) may

be nonzero) and is given by:

6“S(N) = R(N)THf(N) (6.13)
N

R(N) = 7i,-ZU(k)U(k)T (6.14)
k=1
1 N

f(N) = -ﬁ}:v(k)v(k) (6.15)
k=1
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Remark:
3. Since v(k) = 6TU(k) + s(k) then
1 N
fIN) = RN+ > U(k)s(k)
k=1
— Rf as N — oo when Assumption 3 is valid

This leads to éLS(N) — @ as N — oo, that is, consistency.

4. In general, even if 8 has only m nonzero elements, the unrestricted LS estimate
§LS(N) will be optimal (in a LS sense):

VN (855 (V) < Vn(B(N,t™))

The solution to our problem is given by the argé(N ,t™) which minimizes the multi-

variable LS cost function
Wi (B(N, ™) & NI, ™) - BES (NYTR(NYI(™B(N, ) - 65 ()] (6.16)
and is given by:

GES(N, ™) = (T R(N)IE™) (™) R(N)ES (W)
[T RN)I (™I ()T F(N) (6.17)

The corresponding cost is

Wn(BES(N,t™)) = N(65(N))T[R(N)

—R(N)J (™I ()T R(N)I (™)1 (™) R(V)ES(N)
= Nf(N)T[RN)™
—J(E™IE™TR(N)IE™) I F(N) (6.18)

The cost function of (6.18) depends only on the input and disturbance signals, through
R(N)and f(N), and on the set of tap/element positions t™. We can achieve our aim
of determining the positions of the m active taps of the unknown channel by deter-
mining the set t™ which minimizes the RHS of (6.18). This involves calculating and
comparing the value of the RHS of (6.18) for (n)!/[(m)!(n — m)!] different combina-
tions. This is likely to be a mammoth task. The following Lemma, which extends
the work of [92], indicates that, for sufficiently large NV, the task can be considerably
simplified if the input signal is white.

139



Lemma 2 Consider signals u(k) and s(k) which satisfy the assumptions detailed in
Section 3. Let U(k) be the n-tap input signal vector, and R(N),f(N),@LS(N, "),
Wi (BE5(N,t™)) be as defined in (6.14),(6.15),(6.13),(6.18), respectively.

Then:
||6X5(N,t™) — (N, t™)]]2 — 0 w.p.las N — oo (6.19)
1/N||Wn(6E5(N,t™)) = Wa(t™)]l2 — 0 w.plas N — oo (6.20)
where:
B(N,t™) = [T RN ™) () (6.21)
Wn(t™) = NANYR(N)™
= I R(N)IE™) I 1F(N) (6.22)

R(N) = % % diag(u(k)?, u(k — 1)%, ..., u(k — n+ 1)?) (6.23)
k=1

Proof: See Appendix H.

The cost function Wy (t™) has the important property that the contribution of each

tap is decoupled from the rest. Consequently, the set of m tap positions which

minimizes Wx(t™) is given by the indices t; = j corresponding to the m greatest

values of: N .

Xn(i) 2 [Ek:}jvﬂ v(k)u(k —'J)]
Zk=j+1 u?(k - j)

- This leads to the following important result.

(6.24)

Result 10 Subject to the conditions of Lemma 2, then, for sufficiently large N, the
positions of the m most active taps of the FIR modelled channel are given by the
indices corresponding to the m greatest values of Xn(7) of (6.24).

An equivalent way of stating Result 10, which will prove more useful in the subsequent
discussion, is that the positions of the m most active taps are given by the indices

corresponding to the m smallest values of the single tap LS cost functions:

N

Vn(i) & 3 v*(k) - Xn(5) (6.25)
k=1
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It is important to note that, subject to the conditions of Lemma 2,

ZVN(t ) — VN(O(N,t™)) + mz (k) as N — oo (6.26)

1=0

A more sophisticated approach than that above enables the number of active taps to
be determined as well as their positions. Such an approach requires the cost function
considered to have the property of structural consistency ( that is the correct number
and position of active taps is determined as N — 00). The LS cost function does not
enjoy this property. In particular, the LS cost function VN(é), irrespective of the true
order of the FIR modelled unknown channel, decreases as the order of the LS estimate
increases. A standard approach to counteract against this bias towards higher order
estimates, so as to enable estimation of the true model order, is to introduce some

term which penalizes order or dimension. Typically, one uses

C(N)

V()1 + m==2) (6.27)

or

C(N)

log V(6) + m=— (6.28)

where m is the dimension or number of estimated taps. To guarantee structural

consistency [93] , the following condition must hold.

C(N) — oo, QS-VIL) 0 as N = oo. (6.29)

Some of the well known dimension penalizing cost functions [93] which satisfy this
consistency condition are:

VBIC = logVn(b) + mlova Akaike’s B-Information Criterium
Vﬁ = logVn() + mlﬂglj\){_g_]_\’_ ¢-Criterium

Because VN(é) = O(N), the following alternate cost function also enjoys the property
of structural consistency:

VEt 2 yy(d)+ mlog N (6.30)
- N _mlogN
~ Vn(b) (H(VN(é)) - ) (6.31)
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Remark:

5. A more general form of (6.30) is:
Va2 £ vy (8) + Kmlog N (6.32)

where K is a constant independent of m and N, but may be dependent on,
for example, the variance, 02 and o2, of the disturbance and input signals,

respectively.

Subject to the conditions of Lemma 2, for sufficiently large N, the result of (6.26)

indicates that we can approximate
VR (N, ™) = Vn(8(N,t™)) + mlog N

by the decoupled cost function:

m N
Ve 2 SVt n) - m S v(k) (6.33)
i=1 k=1
where V() £ Vn(t;)+log N (6.34)

and Vy(#;) is as defined in (6.25). Alternatively,

N

TRy = 52 02(k) - S X (k) - log (6.35)
k=1 i=1

Thus, for sufficiently large N, an estimate of the number m and the positions ¢;, i =
1,2,...,m of active taps is given by that set of indices which minimizes the RHS of

(6.35) or, equivalently, which maximizes
A m
X)) = Y [ Xn(t:) - log N] (6.36)
i=1 .
It is clear that the RHS of (6.36) is a monotonically increasing function of m so long

as X4(t;) > log N. This leads to the following important result.

Result 11 Subject to the conditions of Lemma 2, then, for sufficiently large N, the

positions of the active taps of an FIR modelled channel are given by those indices j
for which

Xn(j) > log N (6.37)
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Remark:

6. It should be emphasized that Result 11 provides a criterion for estimating the
number m and positions ¢; of the active taps of the echo path. In comparison,
Result 10 only provides a criterion for determining the positions of the m most
active taps, or alternatively, the positions of an a-priori known number of active

taps.

Result 11 suggests the following simple procedure for detecting the positions of the
active taps of the echo path.

Algorithm 1 1. Set f;(0) =0, r;(0) =ro, z;(0)=0, j=1,2,...,n.

2. Update fi<k(k), rj<k(k), zj<k(k) at time k via:

fi(k) = fi(k=1)+v(k)u(k - j)
ri(k) = ri(k-1)+u(k - j5)?

P ()
wi(k) = ri(k)

3. At time k, an estimate of the positions of the active taps is given by the set of
indices which satisfy:

z;(k) > log(k) (6.38)

Remark:

7. The initial condition ¢ of r;, 7 = 1,2,...,n must be nonzero but should be

sufficiently small so that its effect on r;(k) rapidly decays with k.

8. The condition of (6.37) does not require a comparison of all » taps (which is the
requirement suggested by Result 10). That is, there is no need for simultaneous
computation of n values of Xn(7). In particﬁlar, this means that the detection
of the active taps can be carried out in consecutive blocks of length % < n rather
than in one block of length n - as is the method of Algorithm 1. Clearly this is

beneficial when there are computational constraints.
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The results of two sets of simulations based on Algorithm 1 are shown in Figure 6.2
- plotted is the number of active taps detected over time. The mean result of ten
similar simulations is shown. The impulse response (in discrete time domain) of the
channel being estimated is shown in Figure 6.3 - 11 out of 300 taps are nonzero. This
impulse response was derived (via the approach of Appendix E) from a truncated
version of a room acoustic impulse response. The input and disturbance signals used
in the simulations were both zero mean white Gaussian signals with variance:

(a) 02 = 1.0 and 02 = 0.01, (b) 02 = 1.0 and 02 = 1.0.

Similar results were achieved for nonGaussian (zero mean white) signals and for the
case in which the disturbance signal is nonwhite (but still zero mean and uncorrelated
with the input).

It is interesting to note that in the case of relatively low level disturbance, the al-
gorithm, as indicated by Figure 6.2a, converges relatively slowly but smoothly to
provide an unbiased estimate of the number of active taps. In the relatively high level
disturbance case of Figure 6.2b, the algorithm provides an estimate which increases
quickly towards the active tap number rapidly, but overshoots. The estimate then
decays, with some ‘ringing’, towards the true number of active taps. The apparent
asymptotic overestimation is due to estimation noise - an examination of the results
of individual simulations indicates the estimation is unbiased. Many simulations
support these comments and suggest that the algorithm experiences significant over-

shooting/overestimation problems when the input to disturbance ratio drops below
0dB.

6.6 LMS Estimation via Detection

In this section we use Result 11 to propose an algorithm for LMS estimating the
coefficients of only the active taps of the FIR modelled unknown channel/echo path.
Simulations demonstrate the performance advantages of this algorithm over that of
the standard LMS algorithm.

One approach to LMS estimating the active taps of the echo path, which makes use of
the detection results derived in Section 5, would involve first running Algorithm 1 for
a given number N > n of sample intervals and then LMS estimating the coefficients

only of those taps detected as being active (at time £k = N). The approximate LS
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Figure 6.2: Number of active FIR taps detected over time of the Channel of Figure
6.3 - detection scheme based on that of Result 11

estimate of each of the detected active taps, as given by (6.21):
Z;cv=j+l 'U(k)U(k - .7)
s ulk — 5)?

could be used as the initial LMS estimate.

8;(N) =

An alternative LMS estimation approach to that suggested above involves determining
at each sample interval k£ the indices which satisfy the active condition z; > log(k).
The corresponding taps in the LMS estimator are then LMS adapted for that sample
interval. The LMS coefficients of those taps which are not detected as being active
may be frozen for that sample interval or, alternatively, may have a forgetting function
applied to them. The application of a forgetting function is actually preferred because
it ensures that the estimate is structurally consistent. This approach is summarized

by the following algorithm.

Algorithm 2 1. Choose the LMS forgetting factor o € [0,1).
Set f;(0) = 0, r;(0) = ro, 2;(0) =0, 8;(0)=0, j=1,2,..,n.

2. Update fi(j < k), rj(§ < k), zj(j £ k) at time k via:

fi(k)
75(k)

I

fi(k = 1) + v(k)u(k — j)
ri(k — 1) + u(k — j)?
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Figure 6.3: The impulse response of the Channel used in simulations.

ri(k)

z;(k)

3. Determine the set of indices {t™} which satisfy x;(k) > log(k). Construct an nx1
vector g(k) with ones in the positions corresponding to the set of indices {t™} and

zeros in the remaining positions.

4. Update 8;(k) at time k via:

o(k) = U(KYTO(K), where (k) = (Bo(k), Bs(R), ., Bns ()T
od=95 By (k) + pe(k)g; (Yu(k - 5)

e(k)
éj(k + l)

5. Return to step 2.

Remark:

9. Choice of a = 1 corresponds to freezing of the LMS estimates of those taps not
detected during each sample interval. Because this leads to structural inconsis-

tency, such a choice is not permitted in Algorithm 2.

10. One approach to modifying Algorithm 2 to enable estimation of a slowly time

varying echo path involves:
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(i) periodically reinitializing f;(k), r;(k),z;(k):
fi(ky=0, rj(k) =719, z;(k) =0, k=cT, ¢c=0,1,..., and T sufficiently large

(ii) LMS updating the j** tap coefficient at time k = ¢cT' + k, 1 <k < T
only if
zj(k) > log(k)

Figure 6.4 shows the results of simulations based on Algorithm 2 - plotted is the
squared Euclidean norm of the residual parameter vector (||§—8(k)||2)? over number of
sample intervals. The mean results of ten similar simulations are shown in both Figure
6.4a and 6.4b. The impulse response, 8, of the channel being estimated is that shown
in Figure 6.3. In both Figure 6.4a and 6.4b, the input and disturbance signals are zero
mean Gaussian signais of unity variance. In Figure 6.4a the disturbance signal is white
while in Figure 6.4b the disturbance signal is generated by a first order autoregressive
filter H(z) = 1/(1—0.827!) and, consequently, is autocorrelated. Similar results were
achieved with nonGaussian signals. For comparison pﬁrposes, Figure 6.5 shows the
results of similar simulations based on the standard LMS algorithm in which all n =
300 taps are estimated. The simulation results indicate a considerable improvement
in asymptotic performance of the LMS-active tap estimator over the standard LMS
estimator. Furthermore, this improvement does not depend on the disturbance signal

being white (or the input and disturbance signals being Gaussian).

Remark:

11. Asremarked in Section 4, the LMS estimation algorithm presented above consid-
ers only the case of fixed u - which results in enhanced asymptotic performance.
To enhance transient performance instead, the proposed algorithm could be

modified so that u is made proportional to the number of active taps detected.

6.7 Conclusion

In this chapter we tackled the adverse effects of large filter parameter dimension on the
performance of the LMS adaptive FIR filter. This problem is particularly relevant
to echo cancellation since the impulse response length n of echo paths is typically
moderately long to very long. We began by proposing, as a means of reducing the

parameter dimension, an ‘active’ tap parametrization in which only m < n taps in
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Figure 6.4: Performance over time of the LMS-active tap estimator of Algorithm 2.
Plotted is (||@ — 8(k)||2)? over time, where @ is the impulse response vector of the
channel of Figure 6.3. The input signal in both (a) and (b) is a zero mean Gaussian
white process, while the disturbance signal is either (a) a zero mean Gaussian white
process or (b) a zero mean Gaussian first order AR process with pole p = 0.8. The
" forgetting factor a = 0.9 and update constant x = 0.001.

the adaptive FIR echo canceller were allowed to be nonzero. This parametrization
was chosen due to the observation that echo path impulse responses typically show

zero or ‘inactive’ regions.

Analyses carried out showed that, under the condition that the input signal is white,
performance improvements in LMS estimation are achievable with this parametriza-
tion. A simple procedure, based on the Least Squares method, was then developed
which, for sufficiently large N (the number of sample intervals), detects the correct
number and position of active taps. Using this active tap detection procedure we
proposed an LMS based estimation algorithm. Simulations indicated that such an
“LMS-active tap detection” algorithm provides considerable performance improve-

ment over the standard LMS algorithm.
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Figure 6.5: Performance over time of the standard LMS estimator. Plotted is (||6 —
6A’(Is:)||2)2 over time, where @ is the impulse response vector of the channel of Figure
6.3. The input signal in both (a) and (b) is a zero mean Gaussian white process,
while the disturbance signal is either (a) a zero mean Gaussian white process or (b)

a zero mean Gaussian first order AR process with pole p = 0.8. The update constant
& = 0.001.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this thesis we have focussed on echo cancellation in speech transmission telecom-
munication systems via the popular LMS adaptive FIR filter. This technique typically
provides adequate suppression of circuit echoes, generated by impedance mismatch-
ing within central 4-wire loop telephone networks. However, poor performance is
occasionally observed. The LMS adaptive FIR echo canceller is also used to suppress
acoustic echoes which occur during hands free telephony and teleconferencing. High

computational cost and poor transient performance, however, are common problems.

The performance problems in both of these applications has been linked to the correla-
tion characteristics of the transmitted/driving signals. The large FIR filter parameter
dimensions required in the latter application (to adequately model the ‘long’ acoustic
echo paths) has been also linked to the observed poor transient performance. Moti-

vated by this, the objectives of the work leading to this thesis were as follows.

1. Quantify the effects of signal correlation characteristics and filter dimension on
performance of the LMS adaptive FIR filter.

2. Based on these results and the typical characteristics of the echo cancellation

application, develop performance enhancing schemes for the LMS adaptive FIR

echo canceller.

The first objective was tackled by conducting dynamical analyses on an open loop
and a closed loop LMS adaptive FIR filter system, the former being representative of

one end of an echo cancellation network, while the latter is representative of the full
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network. In particular, the open loop system consisted of:

- the adaptive filter connected next to and in parallel with time invariant FIR
modelled unknown channel of equal tap length;

- additive disturbance within the unknown channel;

- stationary, zero mean input and disturbance signals which were not cross corre-
lated;

- positive definite input power spectrum;

- ‘sufficiently small’ LMS update stepsize, p.
This setup ensured unbiased estimation of the unknown channel.

We began by developing a quantitative measure of the expected convergence rate of

the LMS adaptive FIR filter to the unknown channel. We proposed the cost function:
C. = Tra;;(f;l)

where R, is the n X n autocorrelation matrix of the input signal and = is the tap

length of the FIR filter. An increase in the cost function implied a decrease in the

expected convergence rate. Analysis of the cost function C, followed, with particular

attention being given to input signals, such as speech, which are well modelled as

autoregressive (AR) processes. The results are summarized below.

o In general, for a given p,

- the cost function increases monotonically with dimension for ‘non-white’ or
coloured inputs and is independent of dimension when the input is ‘white’;

- as dimension 7 increases, the cost function increases towards a finite value which

is determined by and increases with input autocorrelation level.

e For autoregressive (AR) input signals, an explicit relationship is obtained between
the cost function, the AR coefficients, filter dimension, n, and . The adverse effect

of dimension tends to increase with input autocorrelation level.

e For the filter dimensions typical in echo cancellation, the cost function is of the
order of 100 times greater with AR modelled speech input signals than with ‘white’

inputs of the same variance. This is due to the high autocorrelation level of speech.

¢ When u is adjusted to maintain asymptotic performance, the cost function increases
approximately linearly with dimension. The linear rate increases with increasing input

autocorrelation level.

The closed loop adaptive filter system consisted of:
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- an LMS adaptive FIR filter and FIR modelled unknown channel at each end of
the loop;

- the tap lengths of the adaptive filters and unknown channels were equal;

- the loop driven by signals entering from within the unknown channels;

- driving signals stationary and zero mean;

- sufficiently small u.

With reference to echo cancellation, the driving signals represented the subscriber
signals. Semi-formal to rigorous analyses were conducted. The results are summarized

below.

e For given filter dimension/tap length and u, the transient and asymptotic perfor-
mance of both adaptive filters deteriorates with increasing autocorrelation and cross
correlation levels of the subscriber signals. An increase in dimension accentuates this

effect.

e For given dimension and u, asymptotic and transient performance improves as the

subscriber signals become ‘whiter’.

e When the channels connecting the two adaptive channel pairs impose a sufficiently
long delay and/or the subscriber signals are sufficiently ‘white’, the dynamics simplify

to those of a pair of open loop systems.

These results together with the properties of speech transmission echo cancellation
telecommunication systems - highly autocorrelated input/subscriber signals and large
filter dimensions - indicate convincingly that considerable performance improvements

of such systems can be achieved by employing schemes which:

e whiten the subscriber signals, or, if the telecommunication channels impose a suffi-

ciently large delay, whiten the input signals to the echo cancellers;

e reduce the filter dimension, i.e. the number of adaptive parameters of the FIR echo

canceller.

Following the first approach we proposed a scheme which uses digital scramblers at
each end of the network to ensure the subscriber signals are ‘white’. Under the as-
sumption of a fully digital network, the scheme is shown to provide greatly enhanced
performance. A second scheme considered makes use of the autoregressive (AR) na-
ture of speech signals. It involves using estimates of the AR filter of the echo canceller

input signal to reduce input signal autocorrelation. We heuristically analysed exist-
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ing versions of this AR based scheme as well as proposed and analysed modifications.
The analyses indicated that the schemes, under a variety of conditions, essentially

‘whiten’ the input signal. Simulations supported the analytical results.

The second approach, that of reducing filter dimension, was tackled by proposing a
parametrization for the n-tap FIR based echo canceller in which only m < n taps
are allowed to be nonzero or ‘active’. The remaining n — m are set to zero. This
parametrization was based on the observation that the (discrete time domain) impulse
responses of echo paths typically contain regions of inactive or zero taps. We showed
that when the input signal is white, such a parametrization can lead to improved

transient and/or asymptotic performance of the adaptive filter. Assuming a ‘white’

input signal we then:

e developed, via a least squares approach, a measure of the activity/inactivity of each
tap of an FIR modelled echo path;

o developed, using this activity measure, a low computational cost algorithm for

determining the lag position of the ‘active’ or nonzero taps of an echo path;

. o proposed a modified LMS algorithm which uses the ‘active’ tap detection algo-
rithm to reduce the echo canceller parameter dimension and, hence provide improved
asymptotic and/or transient performance - importantly, the modification introduces

only a minor increase in computation.

7.2 Future Directions of Research
7.2.1 Dynamical Analyses

Open Loop Analyses

o Extend the open loop analytical results of the thesis, at least qualitatively, to
allow for some degree of nonstationarity within the input/disturbance signals
and the unknown channel. This might involve first developing a suitable signal

model and possibly a new performance cost function.

e Determine the performance of the LMS adaptive FIR filter with nonstationary
speech driving signals, using as a reference, the performance with ‘white’ driving
signals. This may be based solely on simulation results, or, more ambitiously,

on the analysis of a performance cost function.
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Closed Loop Analyses

o Apply the Lyapunov technique, which enabled rigorous analysis of a simplified
closed loop system consisting of single tap echo paths/cancellers, single sample
delay transmission channels and first order autoregressive (AR) subscriber sig-
nals, to the cases of:

larger delay systems;

higher order AR subscriber signals.

o Strengthen the semi-quantitative results obtained for closed loop systems of
arbitrary echo path/canceller dimension (tap length). In particular, obtain a
quantitative relationship relating performance, dimension and subscriber signal

correlation levels. This will require a performance cost function to be developed.

e Carry out a simulation study of closed loop systems having arbitrary dimensions
and channel delays and driven by speech subscriber signals. Compare to ‘white’

subscriber signals.

o Show more conclusively, through simulation and/or theoretical analysis, that
the dynamics of the closed loop system simplify to a pair of decoupled open
loop systems when the channel delay is sufficiently longer than the cross and

autocorrelation lengths of the subscriber signals.

7.2.2 Signal Conditioning Schemes

Scrambler Scheme

Carry out simulation studies to determine the performance improvements achievable

with the scrambler scheme when the subscriber signals are speech.

AR Whitening Schemes Compare the performance benefits obtained with the six AR

whitening schemes presented using more realistic simulation conditions, such as (i)

speech input and disturbance signals and (ii) measured echo path impulse responses.

7.2.3 Dimension Reduced LMS/FIR Estimation

e The proposed structurally consistent cost function - which lead to the active tap
criterion - involved replacing the LS cost function Viy = O(N) by N. The use
of other possible O( V) replacements such as those depending on the variance of

the disturbance and/or input signals (e.g. 02N, 02N/o2) should be explored.
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e Determine the deterioration in performance of the active tap detection algorithm
when the ‘white’ input is replaced by an approximately ‘white’ input. This will
require the development of a suitable signal model as well as a performance cost

function.

e Explore the effect of the disturbance level on the transient and asymptotic

performance of the active tap detection algorithm.

¢ Explore, more fully, extensions to the proposed active tap LMS algorithm which

enable tracking of time varying echo paths.

7.2.4 Nonlinear Effects in Channels

Determine sources of nonlinearity in speech transmission echo cancellation networks.
Examples are A/D (analogue to digital) and D/A conversion, the loudspeaker and/or
microphone in acoustic systems. Quantify the effects of these nonlinearities and, if

detrimental, develop methods which reduce the effects.
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Appendix A

Preliminary Concepts

A.1 Order Function and O(.) Function

A function 8(u) is called an order function if 6(u) is continuous and positive in an
interval (0,p%] and if lim, o 6(u) exists [78].

The O(.) function is defined as follows [78]. Consider two order functions é; and &,.

If there exists a constant, C, such that:

|62(p)]
|61(p)

<C, forpy— 0

then
b2(p) = O(81(n)) forp — 0

A.2 Time Scale

Consider a function ¢,(k), parametrized by u, and an order function (). If the
equality:

bu(k) = 0(b(k)) as p — 0

is valid for 0 < k < L/p, with L being a constant independent of p, then the equality
is said to hold on the timescale 1/u [78].
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A.3 Lipschitz Continuity

Consider the vectorfield f(k,z) with:
k>0, reDCR", f:NxR"— R"
If there exists some A, which is independent of k , z, such that for all z;,2,€ D
|1f(k,21) = f(k, 22)]| < Ally — 24|

Then, f(k,z) is Lipschitz continuous in z € D, uniformly in k [78].

A.4 Uniform Contraction

Consider the difference equation [94]:
Try1 = A(zr)zk + b(zk), Tk=0 = To (A.1)

where 2,29 € D C R", A is an n X n matrix, b is an n X 1 matrix and D is an open

set containing the origin.

Suppose the induced I, norm of A(z) is bounded by:

HA(@)llip < 1 — ¢ | (A.2)

forallz € Dy = {z € D : ||z||, < x(constant)} (A.3)

for some 0 < € < 1 which is independent of k, z,
(a) I
b(zkg) =0 Vg v (A.4)

then (A.1) is a uniform contraction to zero on z € Dy .

This implies that:
(i) there exists a unique equilibrium at z = 0 for all 29 € Dy

(ii) the solution z = 0 is exponentially stable with Dy being a subset of the domain
of exponential attraction.

Note that ||z — 0|, is bounded by:
llzx = 0llp < (1= €)Fllzoll, (A.5)
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and that this bound will converge more quickly to zero as € increases towards unity.
(b) If

[|6(zx)||p < b(constant) V zy _ (A.6)
b/e < x(constant) (A7)

then (A.1) is a uniform contraction on x € Dy to the [, ball, B:

2]l = b/ (A8)

This implies that a unique solution does not necessarily exist, but that for all zg € Dg

the solution z; will remain stable.

Note that as ¢ increases towards unity:

(i) the I, ball B will reduce in size

(ii) if ||zo||p = /€, then the solution zx will converge more quickly to within the
I, ball B since {|zkll, — b/€ < (1 — €)F||zo||p-
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Appendix B

The Averaging Method

Consider the difference equation [78]:

Tet1 = Tk — pf(K,Tk), Tk=0 = o (B.1)
where z,20 € DC R*, k>0, f: N X R* — R".

Suppose the limit:
M-=1+ko

f(z)= Jim 1/M > f(k,2) (B.2)
k=ky
where z = z is held constant, is well defined and is independent of kg.
Consider the difference equation:
Tre1 = &k — pf(3),  Zr=o = o (B.3)

where Z € D C R™, and f is as defined in (B.2).

(a) If f(k, zx) is Lipschitz continuous in = € D, uniformly in k, then, f(Z) is Lipschitz
continuous in £ € D and

lzk — k| = 0(61/2(;4)), on the time scale 1/u (B.4)
k+ko
where 6(p) = supsup sup p Z f(m,z) - f(a:)l (B.5)

ko iL‘GDkE[O /,u) m=ko

(b) If the condition in (a) is satisfied and f(k, k) has Lipschitz continuous first order
partial derivatives with respect to z in D then:

|z — Zg| = O(6(r)), on the time scale 1/u (B.6)

(c) If the condition in (a) or (b) is satisfied and Z = 0 (with 2 = 0) is an exponentially

stable solution of (B.3) with domain of exponential attraction Dy C D then, for
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zo € Do, the bound on the approximation in (B.4) or (B.6), respectively, holds for all

time, that is, the time scale of the approximation is extended to infinity.
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Appendix C

Recursive Least Squares

The Recursive Least Squares (RLS) method is a popular approach for obtaining an

estimate 6§ of an unknown parameter vector 8 of a linear regression:

o(t) = 67 B(t) + e(t) (C.1)

where
v(t) is an observed variable;
#(t) is an observed vector and is'called the regression vector; and

e(t) is unobserved noise resulting from additive disturbance and/or measurement

€rrors,

As an example, the output of an FIR modelled system is often described by a linear

regression:
() = Bou(t) + O1u(t = 1) + oo + Op_qu(t — n + 1) + e(t) (C.2)
for which
0 =(80 0 ... 0,-1)F, &(t) = (u(t) u(t —1) ... u(t — n+1))T (C.3)
Other examples are outputs from AR modelled and ARX modelled systems.

The Least Squares approach is based on the idea of choosing as an estimate, that 8

which minimizes the cost function:

N
V() = 5 31N, Ofu(e) - (1) (C.4)
t=1

where 7(V, t) is a weighting function.
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We will consider here the exponential weighting function (see e.g [95] for a more
general approach):
Y(N,)=(1-a)"*, 0<a<1 (C.5)

The criterion Vy(8) is quadratic in §. We can obtain the Least Squares estimate by
differentiating (C.4) with respect to 8,

Vi (0) 22(1 o)t [-g(t)o(t) + (1)6(1)7 9] , (C6)

equating the result to zero and then solving for b:

B2H(N) = R(N)F(N) (C.7)
N
R(N) = Y (1-a)N'e(t)s(t)T (C8)
N
FN) = (1= )N e(t(t) (C.9)
t=1
From (C.7)-(C.9) we have:
(1-)R(t-1) = R@)-d)'(H) (C.10)
(1-a)f(t-1) = (1-a)R(t—-1)4(t-1)
= R(1)H(t—1) - ¢(t)p" ()0(t - 1) (C.11)
Thus
b(N) = R(N)[(1-a)f(N =1)+¢(N)v(N)]

R(N)™ [R(NB(N = 1) + $(N){—¢T(N)B(N 1) +o(N)}]
= (N — 1)+ R(N)T'$(N){o(N) - ¢T(N)I(N - 1)} (C.12)

Equation (C.12) together with
R(N)= (1~ a)R(N ~ 1)+ ¢(N)¢"(N) (C.13)
is a version of the exponentially weighted RLS algorithm.

The computational complexity, resulting from the need to obtain the inverse of the

matrix R(N) every sampling interval, can be avoided by using the matrix inversion
lemma [95]: ’
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Lemma 3 Let A, B,C and D be matrices of compatible dimensions, so that the prod-
uct BCD and the sum A+ BCD exist. Then

[A+ BCD]™' = A~ — A7'B[DA™'B + C~']"'DA™! (C.14)

Following common practice we define P(N) = R™Y(N). Applying (C.14) to (C.13)
with

A=(l-a)R(N-1)=(1-e)P(N-1)7", B=¢(N), C=1, D=¢"(N)

leads to
P(N) = P(lN__al)
PO =D g0y [ PE=D gy 1] gt ZE= D)
- [P -1- ﬂgvﬁ()ﬁ(iv e p 3)] (€19
Using (C.15) we also obtain: '
P = g [Py o) - LG G 1Y )]
= SR - A+ =) (€16)
Combining (C.12), (C.16) and (C.15) leads to the standard RLS algorithm.
Algorithm 3 Initialization: Choose P(0) and 6(0).
Recursion:
O(N) = O(N —1)+ L(N){o(N) - ¢T(N)G(N - 1)} (C.17)
M) = R TR (€19
) = ok [rnn- SHEADEEY] e
Remark:

A common choice [95] of initial values is:
P(0)=K I, §(0)=

where [ is the identity matrix and K is a large constant.
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Appendix D

Autoregressive Filter
Estimation - the

Levinson-Durbin Algorithm

In this appendix we present the Levinson-Durbin Algorithm which is a recursive

procedure, based on the Yule-Walker Method, for obtaining an estimate of the au-

toregressive (AR) filter of an autoregressive signal [85]. The technique uses the auto-

correlation values of the signal and, therefore, assumes that the signal is stationary.

For nonstationary AR signals such as speech, the signal is assumed to be stationary

over a given period of time. For speech, a period of 20ms is often suggested [20].

Algorithm 4 Levinson-Durbin Algorithm:

Let rj, j =0,1,... be the autocorrelation function of an AR modelled signal. Let p be

the order of the AR filter to be estimated.
Initialization: af(,o) =1 and Dgy = rg.

Recursion: Form =0,1,...,p—1, do:

Bm = Zaﬁm)rmﬂ_t

t=0
Bm
K, = =0
+1 D,
a((,mH) = 1
o™V = o™ 4 Km+1a£;n421-t, Jort=1,2,...,m+1

Doy = (1= K2,)Dn
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The coefficients of the AR estimate are given by:

) LB )

ag s Gy 5 ey Gy

In the case of an AR signal which is non-stationary but is assumed to be stationary
over L sample intervals, the autocorrelation values r; are replaced by appropriate

short term autocorrelation estimates, such as:

| kotL
r;(ko, L) = I Z u(k)u(k — jHw(k), 7=0,1,2,..,p
k=ko+i+1

where w(k) is associated with a windowing function. The relatively high computa-
tional complexity of this approach could be avoided by using, instead, an iterative

procedure such as [86],

G2(k) = add(k—1)+ (1 - a)u(k)?

ri(h+1) i)

arj(k) + , §=0,1,2,...p (D.6)

The number of multiplications per sampling interval required in this autocorrelation

scheme is only 2(p + 1).

The complexity of the Levinson-Durbin recursion is approximately 4p 4+ p2. If a new
AR estimate is obtained every M sample intervals and we assume the complexity to

be spread evenly over the M sample block then:
The total complexity of the Levinson-Durbin per sampling interval ~ 2p+(4p+p*)/M

where we have assumed the autocorrelation estimate is obtained via (D.6).
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Appendix E

Removing Measurement Noise
Effects - Sparse Channel
Impulse Response Estimation

In this appendix we present a procedure for removing the effects of measurement
noise from estimated time domain channel impulse responses. The procedure relies
-on the true impulse response having a sufficiently large number of zero taps and,
consequently, its applicability is restricted to channels having, for example, a sparse
structure. This procedure may be viewed as an off-line scheme for active tap detection

of sparse channels.

Consider an unbiased estimate of the discrete time domain impulse response of a
sparse channel. Generally, the presence of measurement noise or disturbance causes
the tap coefficient estimate of each of the zero taps of the sparse channel to be
nonzero. If we assume the input is white, then the discussion of Section 6.5 suggests
that asymptotically (at least for LS,LMS estimates) the zero tap estimates form a

zero mean i.i.d. Gaussian distribution:

{6;} ~ N(0,0?), i.i.d., where 6; =0 (E.1)
Under the validity of (E.1), we use the following result, which is inspired by the work
of Donoho cited in [99], to develop a procedure for removing the effects of the noise,

or, equivalently, for determining which taps are zero.

Result 12 Let {z} ~ N(0,0?),4.i.d.. Define the event Ap 2 {sup;cas 17| < ov2log M}
Then, Prob(Apm) — 1 as M — oo.
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A first glance suggests that, in order to use the threshold o/2logM to determine
which taps are zero, a-priori knowledge of the indices ¢ of the zero taps is required.

This requirement is avoided for sparse channels by applying the following iterative

procedure.

Algorithm 5 1. Include initially the indices of all n tap estimates {6;} in the set S
of zero taps. Set M = n.

2. Determine rms value os of the estimates of the taps in set S.

3. Determine the indices i of those taps, the estimated coefficients of which satisfy:
16;| < osv/2log M. (E.2)

Include only these indices in the set S. Set M =number of elements of set S.

4. Repeat steps 2 to 8 a given number of times or, alternatively, until the difference

in os from one iteration to the next has dropped below a giben value.
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Appendix F

Chapter 3 Proofs

F.1 Proof of Theorem 1

The proof of Theorem 1 follows from proof that T'r(R;;!)/n is a nondecreasing function
of n and, furthermore, is a nonincreasing function of » only when the input is white,

or, equivalently:

R, = Iaﬁ, where I is the n X n identity matrix

To begin, we note that R, is an n** order positive definite symmetric Toeplitz matrix.
Let R,y1 be a n + 1** order symmetric Toeplitz matrix, with first row:
Toy T1y T2y -« y Tne.

Denote the inverse of R,41 by Qn41 the (3, j)‘h element of which is ¢; ;. Following

the procedure outlined in [80] we let

bn(k, 1) gka/qa fork=1,2, ..., n4+1 (F.1)
prt1 = 1/q1n - (F2)

After an extension of the Levinson algorithm, as given in [80], for the inverse of a

symmetric Toeplitz matrix, we have:

1
Tr(Qny1) = ;)__H'[(n+1)+(n_1)br21+1(2’ 1)+(n=3)b741(3, 1)+...+(1=n)b3 41 (n+1,1)]
n /
(F.3)
An extension of the results given in [80] for the Cholesky decomposition, via the

Levinson algorithm, of the inverse of a symmetric Toeplitz matrix leads to

Tr(@u) = o (L+ B0+ B+ o +B(n)
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1(1+b£_1(1)+ e 05 _4(n—1))

1 1
+ —(14bQ1) + — F.4
(LB + o (.4
Combining (F.3) and (F.4) yields:

Tr(Qui1) Tr(Qn) _ 2 024(2,1)+260,(3, 1)+ ... + b7 14 (n 4+ 1,1)

n+1 n n(n-}-l)[ Pril ]

(F.5)

As indicated by the Levinson algorithm given in [80], the following properties hold

for symmetric Toeplitz matrices:

pryr = pa(l- bvzm+1(n +1,1))
det(Ryp41) mHlp;

1=1

where det(.) denotes determinant. Combining these properties with the fact that for

positive definite matrices, det(R,) > 0 leads to p, > 0. This, together with (F.5),

leads to:

Tr(@nir _Tr(@n) o
n+1 n

(F.6)
with equality only if:
b2,1(k,1)=0 for2<k<n+1 (F.7)

Combining (F.7) with the following Levinson algorithm equation (from [80]) for sym-
metric Toeplitz matrices:

G+1p+1 = [bnp1(G+ 1, Dbnga(k + 1,1) = bnga(n + 2 = j)bnga(n + 2 = k)] /pnta
+ q5.k» 1 S ]ak <n (FS)
indicates that: ,
%Gk = @a J=k
=0 j#k
Thus, (F.7) implies @n41 = Iq1,1 (where I = (n 4 1) X (n + 1) identity matrix) or
equivalently Ry,4q = I/q11 = Iro.

For the LMS/FIR system in question, rop = 02 and the proof is complete.
F.2 Proof of Theorem 2
According to Gray [59] we have the following result.
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Lemma 4 Consider a real sequence {rg}, |k| = 0, 1, 2,... which is absolutely

summable:
o0

Z |ri| < o0

k=—00
and is symmetric with respesct to k = 0: vy = r_;. Let

(a) f(w) be the Fourier transform of the sequence, {r¢}:
n k
1 thw
flwy=lim 3 rpe
k=-n
(b) Ry, be the symmetric Toeplitz matriz of order n constructed from {ry} such that
the first row is
Tos T1, T2y +evy Tn—1

If f(w)>0, Vw, then

lim %Tr(R;l) = % /_ : FY(w)dw

n—oc

Combining this result with the expression for C.(o0) of (3.24) leads to (3.25) of

Theorem 2.

F.3 Proof of Lemma 1

Let i
o? = 1/27 / B () e (F.9)

-1

be the given signal power. Consider the power spectrum:
By (w) = 0% + ab(w) (F.10)
where a is a positive constant. According to (¥.9) 6(w) must satisfy:

1/27 / §(w)dw = 0 (F.11)
The extrema of
A T o1
F(e)21/2n / &1 (w)dw

are given by dF/da = 0, that is:

T d 1 _ ™ —§(w) _
1/27['[1r E[mé—(w—)]dw—:l/QW‘/-r md&’—o (F.l?)
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Now let:

Q = {wlé(w)>0}
Q = {wlé(w)< 0}
So, the extrema of F' satisfy:
_ T =bw)
0 = 1/27r/_7r 07 ad(w)]?
1 —6(w) —6(w)
= Fnolho, T+ 20@P ™ Jo, TF B8]

v

/ —6(w)dw + /Q —8§(w)dw with equality when ad(w) = 0 Vw (F.13)
13 1
However, from (F.11), we have
—b(w)dw+ [ ~b(w)dw =0
J, 8ot [ ~a)
Thus, the only noncontradictory solution to (F.12) occurs when

ab(w) = 0, Vw

or &,,(w) = 0%, Vw

F.4 Proof of Theorem 3

Consider first when n > p+ 1. Let
R, be the n X n covariance matrix constructed from the signal ug;
A be the n x 1 AR vector A = (1,ay,az,...,a,,0,0,...,0)T;
S be the n x 1 vector § = (¢2,0,0,...,0)%.
As shown in [80] for n > p + 1:
R,A=S§

Thus, assuming R,, is invertible then
A=R;'S

It follows that, if gx1(n) is the (k, 1)** element of R;!, then

ga(n) = A(k)/e? = 1/¢® k=1
' = apfo? 2<k<p+1
= 0 p+2<k<n

By combining the above set of equalities with (F.3), and noting that p,, = 02, b,(k,1) =
A(k), then we obtain, for n > p+ 1:

Tr(R;Y) 1

2 4 2
. S+ Dat+(1-)ad+ ..+ (1= ;"’-)ag] (F.14)
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By using the result of (F.14) together with (F.5) and (F.1) then it can be easily
verified that the result of (F.14) also holds for #n = p. The result of Theorem 3 follows
from (F.14) and (3.23).

F.5 Proof of Theorem 4

Let 0< k < L/p and

Apa(ko) 2 (I = pR(k + ko))(I = pR(k = 1+ ko))...(I = pR(ko))
—(I — pR)*H (F.15)
Biya(ko) = [(I~ pR(k+ ko))(I = pR(k = 1+ ko))...(I — pR(1 + ko))P(ko)

+ (L= uR(k+ ko) — pR(E = 1+ ko))...(I — pR(2 + ko))uP(1 + ko)

+ (I — pR(k+ ko))uP(k — 1+ ko)
+ Pk + ko) (F.16)

We begfn by showing that

A A
Ak+1+mL/u = Ak+1+mL/u(0)s Bk+1+mL/u = Bk+1+mL/u(0)y m > 0
can be written in terms of the 1/ time scale terms Ax(iL/p), Br(iL/p), i < m.

Consider the 1/ scale time interval mL/u < mL/u+k < (m+1)L/u. The difference

between the original and averaged parameter vectors in this time interval is given by:

Pay

Abnpjpiisr = Onpjurier = 0% ki
= Arna(mL/p)0mpyy + (I = pRY** By — 0321,) + Brar(mL/p)
= Ak+1(mL/;l,) ~$:L/u . (F.17)

4 [Apra(mL/p) + (I = pRY* Gy — 0 ) + Brga(mL/w)
It follows from (F.17) that:
Arju = Apgu((m=1)L/p)(I = pR)™DE4Gy 4+ By ((m - 1)L/ )
+ [ = uB)M* 4 Appu((m = DI/ ) BimeyLsn — 88 _1y1/)

- mf [M7253, (= nR)M* + gy (il /)]
j=0

X

[AL/uG L/ = RRYE1%6 + Bry, (GL/w)] (F.18)
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Substitution of (F.18) into (F.17) then leads to:

Abnpfurksr = {Arpa(mL/p)(I - pRY™E* 4+ (I = pRY! 4+ Apyr(mLfp)|

x [ Ity (= R + Ay (L))
7=0
x (AL GL/w)T - pRY 130 (F.19)
+ ABreaa(mL/w) + [(1 ~ bR + Agga(mL /)]
-m—l
x |3 [mshy (- wRYM* + ALy GLiw))| Bryu(GL/m) |}
[ 5=0

Comparing (F.19) with (3.56) implies that the first bracketted '{ }’ term of (F.19) is

A furk+1(0) = Ampjusksn

and that the second bracketted '{ }' term is

Binpju+k+1(0) = Brpfuskir-

Consider now ||A,,1/u4+k+10/|2- Combining properties (iv) and (v) of the ensemble
leads to

Eo[llArnL/u+k+19ll2] = qunL/u+k+1UHSH9H2 (F.20)

By applying the triangular inequality together with the following inequalities:
|AB|li2 < ||Alls2|| Blli2, where A, B € R™*" (F.21)
|AB|las < [||Alli2l|Bllus, |Allasl|Blliz, where A,B € R™"  (F.22)

A

we obtain:

IA

| AmLjutk+illis lAksr(mL/p)llasll( = pRY™¥|i2

+ [+ [[Aera(mL/p)lliz]

m-—1
x (X0 (M550 = pRY (a2 + 1| ALjuGL )l

j=0
(X — wRYE#||ia]| Ay (5L 1)l |15 ] (F.23)
| Aksr(mL /)| |asl|(X — pRY™E/# |3y

+ [L4+sup sup ||Ax(ko)|lia]
ko k€[0,L/u)

IA

m-1[ m—1-j
x [ [||(I—NR)L/“IIez+sup sup ||Ak(ko)l|ﬂ]
i=0 ko k€[0,L/u)
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X (I = pRYE M|l | ApyuGL ) msl]
< |lArsr(mL/)|asll(I = pRY™E1#]|i (F.24)
+ 2= - pRY 4]

X

m—1
{ > - uR)jL’“ilizlIAL/u(jL/u)HHsH}

i=0
where in the last step we applied the condition of (3.63).

Using the fact that,
(I - ”R)jL/uH‘.z =(1- l‘/\min(R))jL/p

and the ergodic property of the ensemble, then it follows that Vm > 0

2 — (1 = pAmin(R)E# = (1 = phmin(R))™LI#
1= (1= pAmin(R))L/#
sup E[||Ak||ms]
kefo,L/w)

2-(1- #)‘min(R))L/“
sup E[||A F.25
1- (1 - /""\min(R))L/“ kE[O,II,)/y) [“ kHHS”] ( )

IN

El||AmL/utk+1llHS]

X

The proof of (3.64) is completed by examining the 1/x time scale term

sup  E[||Ax||ms]
ke[o,L/u)

The RHS of (3.58) can be expanded as in (3.60). We make the following denotations

to simplify notation:

k-1

A & Y (RG)-B) (F.26)
1 ke

A2k > 2 (R()R(H) - B

i=0 j=i+1

the j** bracketed’{ }’ term on the RHS of (3.60) (F.27)

e

ne

ne

Ajk
Using the triangular inequality of the Hilbert Schmidt norm yields:

E[||Akllas) < pE[||Avkllas] + B2 El|| Az kllms] + ... + p*E[|| Akillas]  (F.28)

We will show that, on a 1/p time scale, each of the terms Ef||A4;4||], 2< j < ks

overbounded by an expression involving supie(o,r/,) £[|A41,xl[]-

174



From the definition of A, above, it follows that:

k-1 k=2 k=1 k—2—1
Ak = 1D (RG) - BIRE+RY[ Y (RG)-
1=0 j=i141 1=0 ;=0
k-1 k-1
= Z A1,k_{_1('£' + I)R(Z) + R Z A1,k_{_1 (F.29)
1=0 1=0

where A1 k(ko) = Zk_kl:-ko(Ri - R)

Combining the inequality of (F.22) with 3 = supy ||Rk||i2 and the ergodic property
of the ensemble leads to

k-1
El|lAzillms] < 28 E[||A1k—i-1llHs] (F.30)
1=0
< 2Bk sup  E[||A1kl|ns] (F.31)
€[0,L/u

From the definition of A3 above, it follows that

k-2 k-3 k-4 k~2 k—3—i k—4—1—j
Az = Y[ D D (RMRG)-BHRH+ R[> Y (R()- R)
1=0 j=i+1ll=7+1 i=0 ;=0 =0
k=2 k=3—i
= Z Ag k_,_g(‘z + l)R(l) + R2 Z[ Z Al k— 2—1-3] (F'32)
1=0 1=0 j=0

Applying (F.22), (F.31) and the ergodic property of the ensemble leads to

k=2

EllAshllns] < 28° 3 (k—i=2) swp B[l Avillas]
1=0 k€[0,L/u)
k-2 k-3~1

+ B2 [ sup )ElllAl,klle}

1=0 j:O ke[():

34 [(2@2'“(’“2' D up E[llAlkHHs]] (F.33)
e[’/

Similarly, it can be shown that:

Ell|4jallns] < %[(2ﬂ>f-lcf.1ksup E[nAl,ans]]

E[OvL/U)
< [(Qﬁ)j‘ICJ’F_1 sup E[HAl,lc”HS]] , (F.34)
kG[O,L/,u)
where C" E!/((k = 7)!5"). Combining (F.28) and (F.34) with the fact that
(1+z)F = Z Clal
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leads to

sup E[||Akllms] < sup E[II#Z(R(Z) R)||us)(1+ 28u)"/*  (F.35)
ke[0,L/u) ke[o,L/u) i=0

By following a similar procedure to that above it can be shown that

1 + supgeqo,/u) || Akl li2 }
E[||B k < 41+ -
R SuPrcios/u) | Aslla + (1~ WBOFT]
X sup E[||Bgll]
ke[o,.L/u)
2 — (I — pR)E/»
1 — [sup supeqo,L/u || Aklliz + (I — pR)E/¥]
x  sup E[||Bglo] (F.36)
ke[0,L/u)
k=1
sup E[l|Billz] < sup E[lle )] POIla)(1+u(1+G)B)HH (F.37)
ke[0,L/u) kelo,L/u) i=0

where G is as defined in Theorem 4.

F.6 Proof of Theorem 5

~ The results of ( 3.72) and (3.73) of Theorem 5 follow directly from applying the result

of the following Lemma to:

k-1 n-1
BLA S (R= ROl = w2k Y. (1- |l|)E[1/k(Zm—n)

=0 I——n+1

k-1
EW] Y (PO)IIE] el Z (1— )E[l/k ZP:I)
=0

I=—n+1 . 1=0

The Lemma below was obtained by Bitmead [69] through an extension of the work
of [81].

Lemma 5 Consider a stationary sequence ry with mean r. Suppose the power spec-
trum f(w) of ri ezists and is twice differentiable at w = 0. Then

k—1+¢

E[1/k( )] (rm = 1))
m=t

{3 Bl(ri=r)(rism - 1) (F.38)

m=—00

+ 0(k'1/2d J©)) o)+ 0k + 0(k2/2)))

We prove now (3.75). Assuming the limit

N=1+to
hm 1/N Z (re— r;)(rt+|m|1 - 1‘1) = E[(re1 — T (Pegm)g — T0)

t=tp
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exists uniformly in g, then it can be easily verified that:

k-1 Iml k—1+t

Z (1 - T)E[('rt,l )(TH-[ml 1= 7'! l/k( Z Til— Tl)
m=—k+1
Therefore,
k
27 f1(0) = Z El(reg = ro)(Tempp — Tl

—k lm

= Jlim ;kTE[(H = TO(Teml — 71)]

k—1+t
+  lim E[1/k( Z rig — 1)

The twice differentiability condition of Theorem 5 requires the existence of

dzf(‘d)

lu=0 = —=1/2m Z {E[(reg = r)(Tegpmig — r)]}m?

m=—0Q

This implies
1 E
E Z Im||E[(req = ni)(Teqpmpy — r)l| = 0

" Thus,
k=14t
27l'f1(0) hm E[l/k( Z ’I‘, 11— 7'()

i=t

The proof of g/(0) > 0 follows along similar lines.

F.7 Proof of Theorem 6

From (3.72) we have

27 fi(0) = i E[(rei = r)(Pegmi — 7))
= i [E[reimepimia] = 1]

(F.39)

(F.40)

(F.41)

(F.42)

= S [Blu@u(t - Du(t+ Imlyu(t + m| - 1) - EYu(t)u(t - )]

m=—oo

Since u(k) is assumed to be Gaussian, then

Elu(t)u(t — Du(t + m)u(t + m — 1))

Elu(t)u(t = D] E[u(t + m)u(t + m — 1)]

+  Elu(t)u(t+ m) E[u(t — Du(t + m - 1))
+  Elu(t)u(t+ m — D] E[u(t — Du(t + m)]
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and, therefore,
E[u(®)u(t — Du(t + myu(t + m — )] — E*[u(t)u(t = 1)] = B%, + Bi_nBiym (F.43)

When | B,| < Balfl, with B = B,|,—0, 0< a, < 1, then

o0

21i(0) = Y (B + Bi—pmiBieim))

m=-—00
-1
= Bj+ B} +2 Z BL+2) BimBiym +2 Z Biom Bim

=1 m=1 m=|l]
14 1l 2a3,"
< 2 2 _1\,2
< Bl+a; +1 +2(|l| Da; +1 a2]
2 I
= BT |y (P.ad)

(13

Combining (F.44) with (3.72) leads to (3.77). The proof to (3.78) follows along similar

lines to that above.
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Appendix G

Chapter 4 Proofs

G.1 Proof of (4.27)

Consider the update equations of (4.21) and (4.24) in the more general form:

z(k+1)
Bk +1)

A(6(k))z(k) + Bu(k) (G.1)
0(k) + ph(0(k), z(k)) (G.2)

where we assume:

(i) A(8) has Lipschitz continuous first order derivatives in 6;
(ii) h(8,z) is Lipschitz continuous in (8, z);
(iii) A(0) is stable for § € D.

Suppose 6(0) € D° C D, then (k) remains inside D over a O(1/u) time interval.

Consider:

2*(k +1,8) = A()z*(k,8) + Bu(k), §€ D (G.3)

Assumption (iii) implies that 2°(k) is well defined on k € [0, 00). Moreover, Assump-

tion (i) and (iii) imply that 2°(k) is continuously differentiable in #, since
Dz*(k + 1,0) = (DA(8))z°(k, 8) + A(8)[Dz*(k, 6)] (G.4)
where D is the differentiable operator in 6.

Define: z(k) £ z(k) — z°(k, 8(k)). Then
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1l

Ak+1) = a(k+1)—a(k 0k +1))

A(8(k))x(k) + Bu(k) — [A(6(k + 1))z°(k, 0(k + 1)) + Bu(k)]
A(6(k))[z(k) — =°(k, (k)]

+AB(R))=*(k, B(k)) — A(B(k +1)z°(k + 1,6(k + 1))

A(6(k))z(k) + [A(B(K)) — A(B(K + 1)))z°(k, 6(k))

+ Ak + 1)[z*(k, 6(k)) — 2°(k, 8(k + 1))] (G.5)

Assumption (i) implies that
I[A(8(E)) — A(B(K + 1))]=°(k, 8(K))I| < 1l|0(k) — 6(k + )|[l|=°(k, 8(k)Il  (G.6)

where «; is the Lipschitz constant of A(8). Since z°(k) is well defined then the RHS
of (G.6) is O(). Also, since z°(k) is continuously differentiable in 4, then

| A(6(k +1))[z°(k, 6(k)) — =*(k, 0(k + 1))]I| < HA(O(k +1))[[72l|6(k) —6(k +1)[] (G.7)
the RHS of which is O(g).
Thus, with A(8) stable, we have
|lz(k + 1)|| = O(n)

for as long as #(k) remains in D.

G.2 Proof of Theorem 7

The aim is to determine conditions which will ensure (4.40) is a uniform contraction
to zero over some domain Do C D, where D : |#18,] < 1. (See Appendix A for a

discussion on Uniform Contraction.)

Using the /4 induced norm in the uniform contraction condition of (A.2) and applying
this to (4.40), we find the required condition is:

;Ezlné[ll — i —Yil +1Bi+ mil]<1—¢€¢ forsome0<e<1 (G.8)

Equation (A.3) specifies a condition on the domain Dy over which this may hold.

Taking this into account and the restriction on D, we define Do by:
Dy : ||(61,02)|l; < 2(©)'/2 (G.9)
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where © € [0,1) is given by:
\9_152‘ <0 <1

Considering (G.8), we choose to restrict aj; + i by:
O0<oii+7i<l, 1=4{1,2} (G.10)

The lower bound is necessary, while the upper bound inhibits the oscillatory behaviour

which is likely to occur if the upper bound is increased to its allowable limit of 2 — .

With this restriction, (G.8) will be satisfied if:
gflz[aii + i = B + misl] > € (G.11)
Let |Avgsi)| be overbounded by:
| Avgisiqny] < Rir! where0<r; <1, R; = Avgisi(o) is finite (G.12)

A sufficient condition for the upper bound of (G.10) is:

[ = n 2n

n=0

that is, ,

R,(]. + @Ti ) )
a-em T
A sufficient condition for the lower bound of (G.10) is (G.11). A sufficient condition
for (G.11) is:

p < min(1- 0% (G.13)

(1 — 72
e/u < min — [R'“(lfgr}')z@))+@d (G.14)

=121+ 0
With v substituted for ¢/u, the above results lead to Theorem 7.

G.3 Proof of Theorem 8

Following a similar procedure to the proof of Theorem 7, we find the required condi-

tions for (4.53) to be a uniform contraction to the /; ball B:
161 62)|11 < B, for all (8, ) € Dy,
where Dy is as defined in (G.9), are given by:

cmax [[1—ai—pij|+|Bi+&;j]] < 1—€ forsomel0<e<l (G.15)
4,7=1,2;i#]

#(| Avsi o1yl + [Avsaa1 (1))
(1- 02

= B <20)/? (G.16)
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As in Theorem 7 proof, we satisfy (G.15) by applying the restrictions:
O<aii+pij<l, i,7={1,2} 1 #j (G.17)
min; j=1,2;i#5[@i + pij — |Bii + &ijl] > € (G.18)

Let | Avysi()| be overbounded as in (G.12) and [Avgs()l; |Avszs1 ()| be overbounded
by:

|Avsls2(l)l, IA'Uﬂsl(l)l < Ggla where0< g <1, G= Avsls2(0)7‘4vs2sl(0) (G'lg)

Following the same procedure as in Theorem 7 proof, we find that with v substituted
for €/u, equations (4.56),(4.57) are sufficient conditions for (G.17),(G.18) respectively.
Finally, (G.16) is satisfied by (4.58).

G.4 Proof of Theorem 9

The averaged system (4.68) has equilibria given by the solutions to:

Avglfﬂ(l)(z) = A”glgz(n(z) =0

We, therefore, begin by determining an explicit expression for these averaged terms
of (4.69). This is achieved by combining the equations (4.70) and (4.63) with As-
sumptions 16-18 to construct a Lyapunov equation, the solution of which depends
explicitly on the averaged terms (4.69) - see next section. The constructed Lyapunov

equation was solved by using MAPLE V (see Section G.6) to obtain:

e apziz2 + a?23zy + 2022 + 2apz129 + 21 + a2, + ap
(1 - 2222)(1 — a%2y29)

e apziz? + a?22z) + 202} + 2apz120 + 20 + a%z + ap
(1= 2222)(1 — a%2;29) _

Avgiga()(2) (G.20)

Avﬁlﬂ?(l)(z) = (G.?l)
From the expressions (G.20) and (G.21) we conclude that the averaged system (4.68)
has two finite equilibria §2* = (82 5,6012,5) and 8, = (6124, 812,) given by (via MAPLE
V):

b2 = —(1+a®)+ (1 + a?)? - 4a’p?/2ap
b2, = —(1+4a*) — /(14 a%)?—4a%p?/2ap

(G.22)

It is easily verified that for all |a| < 1 and all |p| < 1, 8, = ((712&,@12,,_‘) lies outside
the domain D of interest, indeed 612, > 1. Consequently, this equilibrium will
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be ignored. On the other hand, 6, = (912’5,912,5) € D. This is because, from the
definition of @ in Theorem 9,

la| < VO < 1 (G.23)

which guarantees |f135] < vVO < 1. We, therefore, consider only 8;.

From the Jacobian evaluated at f; we obtain that the equilibrium &, is (locally)

asymptotically stable. A domain of attraction may be estimated as follows.

First we rewrite the system as follows:

[03°(k + 1)+ 05" (k+1)] = [05°(K) + 65" ()]

(1= 03 (K5 ())(1 ~ a2 (kB ()
s 2ap(L+ 0 (R)6(R)
(1= B (085 (0))(1 - a2B5 (R) " (F))

X

- v

(63" (k + 1) = 65°(k + 1)] = [6§°(k) - 63°(K)]

X

9 1 - a?
1—uV = = = =
(1 + 63 (k)85°(k))(1 — a267" (K)03°(k))
Let us select both |6;] < v© < 1 and |63) < VO < 1. Consider the domain:
E = {(83(k), 0°(K)) : 10°(k)| + |8°(k)| < 2v@} C D (G.24)

On this domain F we have the estimates:

- - - ) 2lap|(1+ ©
Bk + 1)+ 0+ 1) < 109(k) + B0 (R)I(L — proy) + oy ABILE ©)

gav Hav gav Hav V2(1 _ a2il e
B (k+ 1)~ 05k + 1) < 167°(R) ~ ° (MO~ by a0y

Here

_ V(1 + a?)
(1 - 63°(k)B5* (R))(L — 0265 ()63° (k)

Gk

On the domain £ C D, aj is positive and bounded above by VA1 +a?) . Let
’ (1-0)(1- a?0)
2 2
i be sufficiently small (and positive), such that u VA1 +d) <1

1-0)1-a20)
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As the initial conditions are such that they belong to F, we conclude by induction

that the domain FE is invariant and that the trajectories converge to the invariant
subset F = {6%¥(.) = §3¥(.)} N E. Indeed:

103V(k +1)| + |62°(k + 1)] < 2VO, Vk
since:
= ~ 2lap|(1
03" (k+1) + 65" (k+1)] < (1-pax)(2V0) + akﬂgl'_(r;;—@)_ﬁg\/@ Vk

_ y 2(] _ g2
B0 =B < 16 - 01— b ) < 2B

— 0O0ask— o0 (G.25)

We now consider the dynamics restricted to the invariant set F. In F the dynamics

are governed by the recursion:

o aappi +(a® + Dok +ap
Prr = Y - o) (G:26)

_ which can be rewritten as:

aP(‘Pk - gl').,u)
- 99@(1 a2‘19k

[Pr41 = Br2,6) = (1 — pV? a ))[ﬂpk B12,] (G.27)

On the domain |@x| < VO we have the estimate

2 2)\2 _ 2,2
(1+a)+\/(12+a) da’p —laplV® > 0

ap(px — b12,4) >
Thus with || < VO, @) converges exponentially to 8y ,.

G.4.1 Constructing the Lyapunov Equation

The Lyapunov equation relevant to our system can be constructed by combining

Equations (4.70) and (4.63) in conjunction with the Assumptions 16-18 as follows.

Let: z(k) = (y1(k, 2) ya(k, 2) s1(k) s2(k))T, wi = (w1(k) wa(k))T, 2z = (21, 22)T.

Then,

z(k+1)z(k+1)T = Az(k)z (k)T AT + Az (k)w(k)T BT + Bw(k)z(k)¥ AT + Bw(k)w(k)T BT
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where:

0 2 a 0 1 0
| 2 0 0 a _ —~| 0 1
4=10 0 ao| B=VUE=)] 1
0 0 0 a 01
Define:
A M+m-1 -
Pny1 = lim 1/M > ak+a(k+1)
k=m
Assumption 18 implies that
Mim-1 -
A}IEIOO 1/M k;,n z(k)w(k)" = 0 (4 X 2 zero matrix)

Combining this with Assumption 17 leads to

Ppi1 = APh AT + BWBT

w=ve( P
p 1

< 1 and wy(k),wq(k) bounded (Assumption 16) we have z(k)

bounded. This leads to the existence of the following limit and, consequently, the

where

For a?,2%,22

Lyapunov equation:

lim Pnyi = P=APA" + BWB'

The averaged term Avgygz(1)(2) is obtained from the solution P of this Lyapunov
equation via:
M-1+m
Avpgpy(a) = Jm 1M Y (k) ak - 1)) = 1P

k=m
with
c1=(o 2 a o) c2=(0 10 0)

The term Avgygy(1)(2) is similarly obtained.

G.4.2 Maple procedures to solve a Lyapunov equation

The following Maple procedures were used to find the expressions for the averaged

terms Avgigy(1)(2) and Avgagy1)(2)-
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These procedures allow one to solve a Lyapunov equation of the type P = APAT +
BW BT where W = WT > 0.

with(linalg);

tenp:=proc(a) local 1i,j,k,l,n,aa;
n:=coldim(a);
aa:=matrix(n~2,n"2);
for i ton do
for j ton do
for k to n do

for 1 to n do
aal(i-1)*n+k, (j-1)*n+1] :=a[i, jl*alk,1]
od;od;od;od;
aa

end;

. colstack:=proc(b) local i,j,n;
n:=coldim(b);
aa:=matrix(n~2,1);
for i to n do

for j to n do
aal[(i-1)*n+j,1]:=b[i,]j]
od;od;
aa

end;

makemat :=proc(p) local n,i,j,a;
n:=sqrt(rowdim(p));
a:=matrix(n,n);
for i ton do

for j to n do
ali,jl:=pl(i-1)*n+j,1]
od;od;
a

end;
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lyap:=proc(a,b,v) local d,c,f;

d:=add(scalarmul(tenp(a),-1) ,array(identity,1..coldim(a)"2,1..coldim(a)"2));
c:=multiply(multiply(b,v),transpose(b));

f:=colstack(c);

makemat(linsolve(d,f))

end;
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Appendix H

Proof of Lemma 2

The results of [92] indicate that for an input signal which satisfies Assumptions 2 and
21 the following holds w.p.1. as N — oo:

2
| R = 02 I|j3 < 2n (log N/N)Y? + c%. (H.1)

where n is the dimension of Ry, I is the n X n identity matrix and C is a constant.
This implies that ‘

|Rn — BN|l2 = 0, w.p.l. N — oo. (H.2)
Since
RN = BRI < ||BR |2l By — Rull2l| R 2, (H.3)
IIRN'|l2 < C1 (constant) and ||Rpt||2 < C2 (constant) for large N (H.4)
we have

IR¥ = Ritlla =0, w.p.l.N — co. (H.5)

Since fn is bounded then

\RN fv — RN fnllz = 0, w.pl.N — o0 (H.6)
VAR fv — fER fnllz — 0, wpl. N — co. (H.7)

The results of Lemma 2 follow.
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Appendix I

List of Assumptions

Assumption 1
(i) The unknown channel is time invariant and is adequately modelled by an n-tap
digital FIR filter with tap coefficient vector

0= (6o 618, ... 6,_1)7. (L.1)

(ii) The LMS adaptive FIR filter has a tap length of n and at sampling instant k has

the tap coefficient vector
8(k) = (8o(k) 61(k) 85(K) ... 1 (KN . (L.2)
(iii) The tap coefficients of the LMS adaptive FIR filter are initially set to zero:
0:(0)=0, i=0,1,2,...,n— 1.

Assumption 2

The input, u(k), and disturbance, s(k), signals are zero mean, bounded and stationary
so that the limits:

A N-1+ko
R, S E(UKUK)T) = Jim 1/N Y URU(K), Yk
e k=Fko
A N-1+ko
Pn = E(U(k)s(k)) = lim 1/N > U(k)s(k), Vko
—00 k=ko
A N-1+ko
o = Jim 1/N > u(k)?, Vo
k=ko
. A N-1+ko 9
gy = I&i?wl/N k;ﬁ S(k),Vko
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exist for all m, where m =length of U(k) = (u(k) u(k — 1) ... u(k — m + 1))L.

Assumption 3

The input and disturbance signals are uncorrelated with each other over time:

N-1

Jim 1/N 1?4:6 u(k —1)s(k) =0, Vi

that is, P, = 0.

Assumption 4

The input signal, u(k), is such that the autocorrelation sequence {r}:

N-1

rj= Jm 1N Y u(ku(k=g), 5= =2 -1,0,1, 2, .
e k=0

is absolutely summable:

)
Z |7'j| < 00.

j=—00

Assumption 5

The power spectrum &,,(w) of the input signal is positive definite:

$,,(w)>0 0<w< 27,

Assumption 6

The update stepsize is such that:
1 a 1 1

< = < 1.3
H no2  Tr(R,) = Amaz(Ry) (1.3)
where T'7(.) = Trace(.).
Assumption 7
The input signal vectors U(k) are independent and identically distributed..
Assumption 8
Each echo path is attenuating, that is:

1611 <1, |1fall2 < 1 (1.4)

where ||.||; is the 1-norm.

Assumption 9
Both transmission channels of the DEC system loop ( i.e. channel A — B and channel

C — D of Figure 4.1) impose a transmission delay of d > 1 sample intervals.
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Assumption 10

The subscriber and channel noise signals are bounded and stationary so that the
limits:
A N-1+ko o
Avgigiy = J\}iflocl/N k; si(k)sj(k =1), Vko,¥l 1,7 ={1,2} (L.5)
Noith
Jim 1/N ]Z;O ni(kyn;(k = 1), Vko,Vl i,5=1{1,2} (L6)
A N-1+ko o
Avginjy = lim 1/N k_zko si(kynj(k = 1), Vko,¥l 4,5={1,2} (L7)

Avpini

exist.

Assumption 11

(@) Avpinjy = 6;Qi 1=0

otherwise
(b) Avnisiy

0

0 Vi, i,5= {132}
Assumption 12

Avsls2(l)’Av.5251(l) =0, Vi

Assumption 13
nl(k), ’ng(k) = 0, Vk.

Assumption 14

The subscriber signals are described by the first order autoregressive processes:

si(k+1) = asi(k)+(1- ) 2wy(k) 5,(0)=0 - (1L8)
sa(k +1) asa(k) + (1 — a®)2wqy(k)  s5(0) = 0 '

where: |a| < 1 and w;(k) and w;(k) are wide sense stationary discrete white signals.

Assumption 15

Bounded signals:

|wi(k)| < W, VE
Assumption 16
Zero mean property:
1 M+m—1 C
— . < 2
i gﬂ wi(k)| £ T Vm, M
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Assumption 17

Well defined autocorrelation properties:

1 M+m-1 ) C
— (R w;(k—1) = V6] € ~= Vm, M,l
M g‘; w( )w( ) 0,1[ \/M— m,

Assumption 18

Well defined cross correlation properties:

1 M+m-1 ) C
— (kYw:(k — 1) — < —_Vm,l <
i k; wi(k)w;(k — 1) — pV*boy| < iTi Vm,l, M where |p| < 1

where the constant C is positive and independent of the integers m, ! and M in the

above inequalities.

Assumption 19

— >, wilk)wi(k —1) = V%o, < —= V¥m, M, 1, where V; >0

M k=m “M

Assumption 20

1 M+m—1 C
— (Rwi(k =1) — phVaboy| < — VYm, !, M wh <1
M k=Zm wi(k)w;( ) — pViVaboy| < Nia m where |p|

where ¢, 7 = {1,2},i# j.

Assumption 21
The input signal u(k) is uncorrelated over time (white) so that its n x n autocorrelation
matrix:

R, =dlI

where I is the n X n identity matrix and o2 is the variance of u(k).

Assumption 22
The time invariant n-tuple FIR modelled echo , ©(¢™!), has only m < n nonzero
taps:

O(¢™") = bjy g™ + 55,07 + . 4 by g™ (1.9)

where 0< fi < fiz1 < n, t=1,2,...,m.
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