ACOUSTIC ECHO CANCELLATION
STRUCTURES BASED ON
PERCEPTUAL HEARING CRITERIA

submitted by

Michael Oliver Vukadinovic, B. Sc. (Eng)

A thesis submitted to the
School of Graduate Studies and Research
in partial fulfillment of the requirements for the degree of

Masters of Applied Science

Ottawa-Carleton Institute for Electrical Engineering
Department of Electrical Engineering
Faculty of Engineering
University of Ottawa

May 4, 1996

©>Michael O. Vukadinovie, Ottawa, Canada



National Library Biblicthéque nationale
Ilipll of Canada du Canada
Acquisitions and Direction des acquisitions et
Bibliographic Services Branch  des services bibliographiques
Wellington 395, rue Welkngton
g%;miohmmf”aa Oua:ﬁOmmn)
K14 ONG K1A ON4

The author has granted an
irrevocable non-exclusive licence
allowing the National Library of
Canada to reproduce, loan,
distribute or sell copies of
his/her thesis by any means and
in any form or format, making
this thesis available to interested
persons.

The author retains ownership of
the copyright in his/her thesis.
Neither the thesis nor substantial
extracts from it may be printed or
otherwise reproduced without
his/her permission.

Your b Votrg néidvonce

Our bie  Nocre rélérance

L’auteur a accordé une licence
irévocable et non exclusive
permettant a la Bibliotheque
nationale du Canada de
reproduire, préter, distribuer ou
vendre des copies de sa thése
de quelque maniere et sous
quelque forme que ce soit pour
metire des exemplaires de cetlte
these a la disposition des
personnes intéressées.

L’auteur conserve la propriété du
droit d’auteur qui protege sa
thése. Ni la these ni des extraits
substantiels de celleci ne
doivent étre imprimés ou
autrement reproduits sans son
autorisation.

ISBN 0-612-16473-X

Canada



/

UNIVERSITE D’OTTAWA
UNIVERSITY OF OTTAWA



Abstract

Hands-free communication techniques are becoming increasingly important in the
world of modern telephony. The convenience of hands-free links is invaluable in tele
conferencing situations, automobiles and even in personal communications. The loud-
speaker and microphone on a hands-free set are inherently coupled acoustically. produc-
ing an echo which degrades the quality of conversation over such a link. The conven-
tional acoustic echo cancellation method is gain control which provides a half-duplex
communication link. Research into adaptive filters which can provide a full-duplex com-
munication link is intense but transparent transmission of speech over a hands-free link
remains an elusive goal.

Conventional acoustic echo cancellers are concerned with minimizing an objective
measure of the level of echo. This thesis presents a study of two. adaptive filtering
structures which are based on the goal of providing the best subjective echo cancellation
possible. The adaptive filtering algorithms attempt to give the echo the same spectral
shape as the absolute hearing threshold curve, in order to minimize the echo’s audibility.
The filtered-E LMS algorithm, considered first, was found not to perform the kind of
frequency weighting desired. A proposed subband adaptive filter with perceptually-
based adaptive tap assignment, when trained with natural speech, 1s capable of providing
a noticeable improvement in audible echo cancellation; however, when trained with
bandlimited speech, the algorithm’s performance was found to be only slightly better or
comparable to the fixed tap assignment algorithm in terms of audible echo cancellation.
The subband adaptive filtering algorithm is evaluated by means of simple listening tests
performed by the author. |
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Notation

Various symbols and abbreviations used frequently in this thesis are summarized
below. All notation is fully defined where it first arises in the text. Bold font is used to

indicate vector quantities.

Symbols
n  discrete time
w  digital frequency
t  weight vector tap number
M  traosform size
m  subband number
L weight vector length
A delay
z(n) input sequence
d{n) desired response sequence
y(n) filter output sequence -

e(n) error sequence
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xiv

hg{n) plant time domain impulse response
W(n} weight vector
wi(n) tap i of the weight vector 117(n)
X(n) input memory vector
[-f] Euclidean norm operator
Abbreviations
AEC  acoustic echo cancellation
BLMS  block least mean square
CO  central office
DCT  discrete cosine transform
DET  discrete Fourier trunsform
DSP  digital signal processing
EEQ error equalizing intersubband tap assignment algorithm
ERLE  echo return loss enhancement
FDAF frequency domain adaptive filter
FELMS filtered-E least mean $quare
FIR  finite impulse response
FNTF  fast Newton transversal fil.ers
FPAF fixed pole adaptive filters
FRLS fast recursive least squares
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NLMS

RLS
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SFTF
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SPL

SUG

standard fixed tap assignment subband adaptive filter
fast transversal filters

filtered-X least mean square
infinite impulse response
Karbunen-Loeve transform

line echo cancellation

least mean square

least squares lattice

mean square error

normalized least mean square
recursive least squares
round-trip delay

receive

stabilized fast transversal filters
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sound pressure level

Sugiyama adaptive intersubband tap assignment algorithm [58]

total impulse response power to tail response power ratio

transmit

weighted error equalizing intersubband tap assignment algorithm



CHAPTER 1

Introduction

Acoustic echo cancellation is an integral part of hands-free telephony. A hands-free
communication device is ary de\_'ice that allows the user o speak into the device without
baving to employ an extra peripheral device, such as a hand-set, for doing so. Such
devices contain a loudspeaker for playing received communication and a microphone to
pick up communication that is to be sent. The most common hands-free communication
device is a speakerphone or hands-free telephone. A hands-free telephone placed in a
room will inherently send echoes back on the send line whenever it receives a signal on the
receive line and plays it over its loudspeaker. This is an artifact of the acoustic coupling
present between the loudspeaker and the microphone on the speakerphone. Such echoes
zre unpleasant for users of the communication system and in the competitive world
of telecommunications, an echo-free speakerphone would be a2 most desirable product.
Anyone who has used a phone can imagine the convenience of replacing a hand-set
telephone with a speakerphone.

Most generally, an acoustic echo canceller is some device that seeks to reduce the
level of the echo returned on the send line by a hands-free communication device. On
a conventional speakerphone, a reduction in the echo level is échieved by switching
attenuation in and out of the receive and send paths. This reduces the communication
channel to half-duplex. Witk the advent of DSP chips, research into adaptive signal
processing algorithms to cancel acoustic echoes has intensified. The goal of adaptive
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filtering algorithms is to provide a full-duplex communication link between one or more
users of hands-free devices. The adaptive filtering algorithm is designed to minimize
the difference between the output of the microphone (which has been converted to a
digital representation) and the ontput of the adaptive filter. Currently, only high-end
conference phones use DSP chips but telephone products are beginning to introduce DSP
chips and adaptive echo cancelling algorithms. The adaptive filter and the loudspeaker
share the same input: the speech signal on the receive line.

For many reasons acoustic echo cancellation is a difficult field and there is much
ongoing research into providing efficient and effective signal processing algorithms to
do the job. Standard adaptive filtering algorithms, such as the LMS and RLS algo-
rithms, suffer from performance limitations in terms of convergence speed, modelling
error, tracking performance and stability that prevent them from performing entirely
satisfactorily in the arena of accustic echo cancellation [3, 4, 5]. Newer algorithms such
as transform domain adaptive filters [40, 41, 42] and subband adaptive filters [50, 51, 33]
seek to improve upon the performance of LMS and RLS algorithms and are often based
on these “basic™ algorithms.

The speed at which an adaptive filter converges to the desired solution and the level
of echo cancellation provided by the adaptive filter after convergence are the primary
yardsticks by which acoustic echo canceller performance is measured. These are both
objective measures and an adaptive filter structure is said to achieve improved perfor-
mance if it achieves better echo cancellation or faster convergence than previous adaptive
filtering structures. The structure against which most new algorithms are compared is
the LMS algorithm. This thesis will focus, for the most part, on the level of echo can-
cellation. The objective measure of echo cancellation is simply a ratio of the power in
the echo to the power in the input signal. Such a measure gives no consideration to the
frequency content of these two signals. Performance can only be improved objectively
by cancelling more of the echo. However if the frequency content of the echo is affected
by the adaptive filtering algorithm somehow, the echo will be perceptibly different. The

human ear does not have a flat frequency response. It is possible for two echo signals to
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have the same power level yet markedly different perceptual annoyance levels. [t makes
sense to tn to tune the performance of the adaptive filter to the human ear, thus getting
the best subjective performance possible for a given level of objective echo cancellation.

In this thesis, an overview of current acoustic echo cancellation techniques is pre-
sented and some improvements which can be applied to many different adaptive filtering
set-ups based on psychoacoustic properties are proposed. Psychoacoustic properties re-
fer to properties of the human ear including how sensitive the ear is to sounds of partic-
ular frequencies. A modified LMS adaptive filtering algorithm 15 first investigated. This
algorithm, known as the filtered-E LMS algorithm, adds a filter to the update path of
the LMS algorithm structure in order to allow the error signal to be frequency weighted.
The intention of weighting the error thus is to bias the performance of the LMS algo-
rithn. in a frequency dependent sense. The possibility of obtaining better performance
at psychoacoustically important frequencies at the expense of degraded performance at
other frequencies is investigated. Next a subband adaptive filtering algorithm which
makes use of some psychoacoustic properties to improve the subjective performance of
tuv wuwpiive filter is implemented. The performance of .12 new subband-acaptive fi-
tering algorithm is evaluated by means of some simple listening tests conducted by L
author and objectively by. means of echo spectra after adaptive filter convergence a:d
mean square eITor Convergence Curves.

The thesis is divided into five chapters. Chapter 2 provides an introduction to the
field of acoustic echo cancellation and gives a broad overview of current acoustic echo
cancellation techniques. Chapter 3 investigates the performance of a modified LMS
adaptive filtering structure known as the filtered-E LMS algorithm. Chapter 4 presents
the subband adaptive filtering structure with frequency weighting capabilities mentioned
above. This algorithm is evaluated both objectively and by means of simple listening
tests performed by the author. Finally, Chapter 5 presents conclusions on the thesis

material along with a discussion of areas requiring further study.



'CHAPTER 2

Acoustic Echo Cancellation

This chapter presents an overview of the field of acoustic echo cancellation. Acoustic
echoes are a problem encountered more and more frequently as the communications in-
dustry strives to manufacture communication systems that require hands-free operation.
Some devices that fall under this category are hands-free telephones, inter-com systems
and teleconferencing systems.

In Section 2.1, the source of the acoﬁstic echoes is considered. Other sources of
speech degradation are also presented briefly although the objective of this thesis is to
cover the topic of acoustic echoes and techniques to overcome them. Section 2.2 covers
the form of the conventional echo canceller. The structure presented here serves as
the benchmark against which all other echo canceller structures are compared. Also
described briefly at the beginning of Section 2.2 is the method of gain control. This
method is perhaps the oldest attempt to cancel acoustic echoes. It differs from all the
other schemes presented here in that it does not use an adaptive filter. It is covered here
in order to provide a background for the introduction of adaptive filters into the field
of acoustic echo cancellation. Section 2.3 discusses the limitations of the conventional
acoustic-echo canceller. Sections 2.4 to 2.9 cover other echo canceller structures. All the
methods considered here use adaptive filters and the differences in the various methods
are due to the specific algorithm used to update the adaptive filter as well as the adaptive
filter structure. '
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2.1 Sources of Speech Degradation

There are several sources of speech degradation in a hands-free communication sys-
tem. Any attempt to produce a high quality hands-free system must make efforts to
control all sources of degradation. However. it is most practical to consider these sources
of degradation independently when trying to develop a solution to the problem. These
sources of degradation can be divided into three main categories. The categories are
loudspeaker-microphone acoustic coupling, echo gencrated by the speakerphone user
within the room and picked up by the microphone (room reverberation), and ambi-
" ent noise. The focus of this thesis is on loudspeaker-microphone acoustic coupling but
all three sources of speech degradation will be considered briefly in this section be-

fore concentrating solely on loudspeaker-microphone acoustic coupling. The problem of

“howl ag™ is also counsidered briefly.

2.1.1 Loudspeaker-microphone Acoustic Coupling

Acoustic echoes appear when a communication system uses audio terminals where
the loudspeaker is acoustically coupled to the microphone |3, 3|. Such a set-up exists
with hands-free telephone sets and teleconferencing systems. Consider for the moment
a typical hands-free telephone set-up in an office. Figure 2.1 shows a schematic for one
end (which shall be referred to as the near end) of the communication system before
the addition of any echo cancellers. When the user on the remote end is talking, speech
z(t) is diffused into the room by the loudsﬁeaker. Due to the acoustic paths between
the loudspeaker and the microphone (including the direct path from the loudspeaker
to the microphone, reflections off walls, furniture and people, and mechanical coupling
through the casing of the telephone set itself) an echo signal d(t) is picked up by the
microphone and fed back to the remote user [50]. Thus the remote user will perceive an
echo while he/she is speaking.

The disruptive effect that this echo has on the remote user’s speech will be dependent
on the magnitude of the echo signal as well as the delay between the original speech
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and the echo generated by it [4|. The delay is a very critical factor and can greatly
influence the amount of attenuation of the echo required to make the echo inaudible
to the remote usce. Greater delays between the echo and the original speech signal
make the echo much worse subjectively to the remote user. The magnitude of the echo
may be influenced by such factors as the size and architecture of the room and the
t¥pe of materials used in the construction of the room, as well as the positioning of the
loudspeaker and the microphone. _

The transfer function of the loudspeaker, room and microphone, including any acous-
tical coupling present, will be referred to as the speakerphone-room response in this the-
sis. At times the term room response may be used to refer to the entire speakerphone-
room response. It should be understood, however, that the responses considered in
this thesis are not simply room responses. Many acoustical paths exist between the

loudspeaker and microphone which are not due to the room itself.

2.1.2 Howling

Referring again to rigure 2.1, it must be noted
that the hybrid will leak some of the send out sig-
nal back through to the receive side. The acoustic
coupling between the loudspeaker and the micro-
phone put together with the leakage of the hy-
brid provides a feedback path for echo signals [11].
If the gain of this feedback loop exceeds one for _
some frequencies, then the circuit becomes unsta- ¥ iSure

ble. “Whistling” or “howling” noises may then be PROR€ acoustic coupling.

2.1: Loudspeaker-micro-

perceived by the user. The phenomenon of “howling” most often occurs during idle peri-
ods when neither user is speaking. During such idle periods, adaptation of the adaptive
filter halts [11]. However, there may still be low-level signals present at the microphone
input. such as ambient noise. If the room response changes during this “idle period” of

the acoustic echo canceller, then the acoustic echo canceller may no longer be effectively
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d |

modelling the room. The possibility then exists for ~howling™ since there is a signal
present in the system (the low-level noise. for example) and there is a foedback path
which is not necessarily being attenuated by the adaptive filter. {When the adaptive
filter models the room response accurately. the adaptive filter effof;rr.i\-cl}' attenuates the

feedback path.)

2.1.3 Room Reverberation in the Far-end Room

Room reverberation in the far-end room refers to echo that is generated in the
room where the remote user is speaking rather than ccho generated in the near-end
room (where the hands-free communication set of interest is located), as in the case
of loudspeaker-microphone acoustic coupling discussed above. This far-end echo is not
the result of loudspeaker-microphone coupling but rather the result of the wmultiple
acoustic paths between the far-end speaker’s mouth and the microphone [6]. The speech
picked up by the microphone is composed of speech which has propagated directly
from the speaker as well as speech which has reflected off walls, furniture and other
things in the room. This problem must be considered separatcly from loudspeaker-
microphone acoustic coupling since the transfer function between the loudspeaker and
the microphone will not be the same as the transfer function between the speaker’s

mouth and the microphone.

2.1.4 Ambient Noise

Ambient noise is another obvious problem with a hands-frec communication systeim.
In an office environment, the microphone can pick up the sounds of other conversations,
photocopiers and any other present noise. This noise will be added to the speech picked
up by the microphone and will cause a degradation in the speech qua.lity. Hands-free
telephones are more susceptible to ambient noise than ordinary telephones due to the
different kind of microphone set-up required. An ordinary telephone with a handset has

2 fairly directional set-up. Since the receiver is placed directly in front of the speaker’s
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mouth, the microphone tends to pick up the speech signal better than other undesired
signals. A hands-free communication set-up, on the other hand, must have a fairly
omnidirectional microphone set-up in order to pick up the user’s speech. The user may
be located at some distance from the microphone (compared to an ordinary telephone)
and may not be talking directly into the microphone. A microphone capable of picking
up the speech signal under such conditions will also be very good at picking up ambient
noise as well. In spite of these adverse conditions, the hands-free communication system
must still be capable of transmitting a clear speech signal for it to be a viable means of

communication.

2.2 Conventional Echo Cancellers

The conventional echo canceller uses an FIR filter to model the response of the
room. The coefficients of the FIR filter are determined by minimizing a measure of the
difference between the actual output of the filter and the desired output of the filter.
The most common measure is that of the mean square error (MSE). Before considering
the details of the adaptive algorithm, an older method of removing the acoustic echo is
considered. The method of gain control is considered in order to provide a background

for the reasoning behind the use of adaptive filters in acoustic echo cancellation.

2.2.1 Gain Control

The method of gain control consists of the alternate insertion of attenuation blocks
in the send and receive path. This reduces the normally full-duplex transmission of a
communication system to half-duplex [3]. Figure 2.2 shows the placement of the atten-
uation blocks in the two paths. When speech is being received from the far end, the
send attenuation block is switched on and any echo picked up by the near-end micro-
phone is attenuated. The receive attenuation block is switched off to allow reception
of the incoming signal. Typically, an attenuation of approximately 50 dB is required.

When the near-end user is speaking, the send attenuation block must be switched out
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of the path so that the near-end signal can be sent to the remote end and the receive
attenuation block is switched on to ensure a loop loss of greater than one.
Proper functioning of the method of

gain control relies on fast switching of

oo N
the attenuation blocks and accurate de- K
termination of which user is talking. far
or near-end so that the appropriate at-

<

|

tenuation is enabled in both send and

—=p

Figure 2.2: Switched loss gain control.

receive paths. In practice, these require-

ments cannot be fulfilled. The attenua- ey
tion blocks can not be switched arbitrar-
ily quickly since audible clicking noises
become apparent when switching is performed too quickly. Thus the attenuation must
be ramped from 50 dB up to 0 dB and vice versa. The problem with this scheme then,
is that bits of speech may be lost. If the near-end user stops speaking and the remote
user begins to speak, the remote user’s first bit of speech may be lost as the attenuating
block in the send path of the remote end is switched off and the receive path attenua-
tion in the near-end is switched off. Bits of conversation such as “yes”, “ummm” and
other short expressions which are essential to a normal, free-flowing conversation may
be inaudible. The accurate determination of which user is talking is also problematic. If
both users are attempting to talk, one of them will be cut off. It will not be immediately
apparent which user has been cut off. Each user will be talking while only one of them
will be hearing what the other user is saying. A conversation under such conditions will
be quite strained.

The use of adaptive filtering in acoustic echo cancellation can relax the requirements
on gain control considerably or ultimately, eliminate them altogether. Using an adaptive
filter to model the echo path allows for full-duplex transmission. An adaptive filter
attempts to model the room response or a continuous basis with no need for switching.

Of course, the problems described above which so limit the method of gain control



2.2 Conventional Echo Cancellers 10

also provide some difficulties for adaptive filters. but these difficulties appear more

surmountable in the case of adaptive filters.

2.2.2 Adaptive Filter Echo Cancellers

The configuration of the conventional acoustic echo canceller is shown in Figure 2.3.
The adaptive filter here operates in the system identification set-up [13]. The unknown
svstem of interest is the acoustic echo path between the loudspeaker and the microphone.
The adaptive filter tries to predict the response of the room to the given input signal
x(n). Obviously, the adaptive filter cannot adapt under all of the possible operating
conditions of the hands-free system. If the input signal x(n) is not present or if there
is another signal s(n), representing near-end speech, present at the microphone then
adaptation of the adaptive filter must cease. Once adaptation of the adaptive filter has
ceased the coefficients of the adaptive filter are held constant and it is hoped that the
adaptive filter will provide a good model of the room response until adaptation of the
adaptive filter can begin anew.

FIR filters are generally used as the

d(n
preferred structure because FIR filters "
are inherently stable and adaptive algo- / v+
rithms are relatively simple to implement x(n) . W) }{H_)-"@)
with FIR filters. IIR filters are avoided e(n)
due to problems with stability, although
[IR algorithms will be discussed briefly | Adaptive
in Section 2.9. The FIR filter IV'(z) shown Algorithn |

in Figure 2.3 will be updated when the __ .
Figure 2.3: Structure of the conventional

remote user is talking and his/her speech
§ /berspeech L adaptive filter.

signal z(n) is present on the receive side

of the hands-free set and the only signal present at the microphone input is d(n), the
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echo generated by the remote user’s speech. 11°(n) is the weight vector given by

T
W(n)=[wo(n) wi(n) --- u:L_,l(n)] . (2.1)

where 7 represents transposition. The input signal vector X{(n). composed of the last L

samples of x(n), is defined as

T
X(m)= | z(n) z(n-1) -- Hn-L+1) ] (22)
The output of the adaptive filter at sampling instant » can be computed as
y(n) = W(n)"X(n). (2.3)
The error e(n) is the difference between the desired response d(r) and the output-of the
adaptive filter y(n):
e(n) = d(n) — y(n). (24)

The most cornmon means of updating the weight vector is with the least mean square

algorithm, commonly referred to as the LMS algorithm [13]. In the LMS algorithm, the

mean square error e*(n) is minimized by updating the weight vector W(n) at each

sampling instant n according to the following update equation
W(n + 1) = W(n) + ue(n)X(n) (2.5)

where p is the adaptation step size. The step size pu governs the compromise between
the rate of convergence and the final mean square error after convergence [12, 13]. The

allowable values of x are bounded by

O<u< (2.6)

2
LE(z?(n))

where E(-) is the expectation operator.

2.3 Limitations of Conventional Echo Cancellers

The limitations of the LMS algorithm are described in this section. This discussion
will also provide a motivation for many of the algorithms discussed in the next section.
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The LMS algorithm is the simplest adaptive algorithm and is used as the benchmark
against which all other algorithms are comparad.

The criteria by which an acoustic echo cancelicr is evaluated are by no means fived.
These criteria vary with respect to the size and layout of the room. However, as an
example of a tvpical teleconferencing situation it is reported in [4] that for a room with
a reverberation time of 400 ms and a communication system with a round trip delay
time of 100 ms, an echo return loss enhancement {ERLE) of 40 dB is required. The
ERLE of an adaptive filter is defined as

ERLE = 10- Iogm(%) (2.7)

where d(n) and e(n) are the desired response signal and the error signal. respectively,
as shown in Figure 2.3. The ERLE required is based on a subjective assessment of the
quality of the system. Round trip delays greater than 100 ms may require an ERLE
even greater than 40 dB to achieve acceptable speech quality.

2.3.1 Speakerphone-room Response Length

The job of the echo canceller is made very difficult by the length of typical speakerphor-
room responses [5]. In order for the echo canceller to achieve an ERLE of 40 dB or
thereabouts the echo canceller must use an FIR filter with several thousand taps. Fig-
ures A.l and A.4 in Appendix A show two speakerphone-room responses sampled at
8 kHz. These two speakerphone-room responses will be used as plant responses later in
the simulations of this thesis.

For the speakerphone-room response shown in Figure A.1, an echo canceller with
300 taps and white noise as input can theoretically achieve an ERLE of 14.3 dB based
on a TIP/TP [7, 8] calculation. The equation for TIP/TP is given in Appendix A. The
TIP/TP factor was proposed by Knappe [T, 8] as a means of estimating adaptive filter
performance for a given length of adaptive filter. Of course, 14.3 dB of cancellation is
achieved only if the echo canceller can match the first 300 points of the speakerphone-

room response exactly. In a real situation an echo canceller will not be capable of this.
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Even if the input signal to the echo canceller is white noise, which is the best training
signal, there will exist some misadjustment of the coefficients of the adaptive filter
after convergence, which will prevent the echo canceller from achieving the theoretical
maximum ERLE. The rate of convergence of the adaptive filter is also of paramount
importance. While the echo canceller is in a transient state the room echo will not
be cancelled effectively and the quality of the communication system will suffer. The
rate of convergence of the LMS algorithm is dependent on the step size u used. From
Equation 2.6, it can be seen that the step size for the LIS algorithm must be chosen
to be inversely proportional to the length of the adaptive filter. Longer adaptive filters

thus converge much slower than shorter adaptive filters.

2.3.2 Adaptive Filter Input Characteristics

The performance of the LMS algorithm is also hampered by the type of input signal
present in communication systems, namely speech [30]. Speech is a highly correlated
signal with a sbectrum that is far from flat. As mentioned earlier, white noise is consid-
ered the ideal input for training because its spectrum is flat and its statistics do not vary
with time. In this regard, speech is also 2 poor training signal since it is a nonstationa: v
signal. The energy in a speech signal has many bursts and lulls witk respect to time.
The speed of convergence of adaptive filtering algorithms is related to the eigenvalue
spread of the autocorrelation matrix of the input [41)], defined as:

Rxx = E(X(n)X7(n)). (2.8)
The matrix Rxx is an L x L matrix. If the autocorrelation coefficients are defined as
;i = E(z(n)z(n — 1)), 1=0,1,2,---,L -1 (2.9)
then for a stationary input signal z(n), Rxx will have the following form:
To- 71 = Tr

To e Tpo ‘ |
Rex=| + 7 T : (2.10)

| TL-1 Tp-2 == 7o
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As mentioned above, the rate of convergence of the adaptive filter is related to the
eigenvalue spread of Rxx. Eigenvalues of Rxx are denoted as .\;. The condition number
of the autocorrelation matrix is the ratio Apez/Anin and is 2 measure of the eigenvalue
spread of Rxx. When this ratio is high the adaptive filter converges slowly [41]. When
z(n) is white, Rxx will be a diagonal matrix with all diagonal elements equal to ry, as
defined above. The eigenvalues for such a matrix will all have the same value and thus
the ratio Apqar /Amin will be unity. This is the best possible scenario. To illustrate how the
performance of the LMS algorithm deteriorates when z(n) is speech, consider Table 2.1
from [41] which shows estimated autocorrelation coefficients for a speech signal. Iu this
case L is 16 and the coefficients r; are estimated from 6.4 seconds of speech, spoken by
a male speaker and sampled at 10 kHz. As well, the coefficients have been normalized

according to
r= E(z(n)z(n — 1))
E(z*(n))
Table 2.2, also from {41}, gives the eigenvalues for the autocorrelation coefficients of
Table 2.1.

For this data, the ratio of Amar/Amin is given by | i e i 7 J_
1.00000000 | 8 | -0.09794104
0.91189350 | 9 | -0.21197350
0.75982820 | 10 | -0.30446960
0.59792770 | 11 | -0.34471370
0.41953610 | 12 | -0.34736840
0.27267350 | 13 | -0.32881280
0.13446380 | 14 | -0.29209750
0.00821722 | 15 | -0.24512650

(2.11)

Ao/A1s and is equal to 1874. For a white input sig-

nal with a diagonal autocorrelation matrix, this ratio

(S T S N - |

would be one. It can be seen that the autocorrela-
tion matrix deviates greatly from the ideal case of
white noise, in terms of eigenvalue disparity, and

slow convergence of the adaptive filter will result.

(=2 T ) B L A

In Sections 2.4 to 2.9, algorithms which seek to im-

-~

prove upon the performance of the LMS algorithm
Table 2.1: Autocorrelation Co-

efficients of a Speech Signal.

are introduced. The main aim of several of these
algorithms, including transform domain adaptive fil-
tering algorithms and subband adaptive filtering algorithms, is to reduce the eigenvalue
disparity of the autocorrelation matrix of the input for highly correlated inputs such as
speech.
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2.3.3 Nonstationarity of Speakerphone-room Responses

Another very important characteristic of the acoustic echo | i A, i i

cancellation problem is that the system being modelled, the | 0 | 6.1069 | 8 | 0.0821

room (in conjunction with the speakerphore), is nonstation- | 1 | 6.0082 | 9 | 0.0625

ary itself [3, 10, 30]. This means that the adaptive algorithm | 2 | 1.8629 | 10 | 0.0531
must be capable of tracking changes in the room response. If 3] 0.5082 | 11 | 0.0371
the adaptive filter cannot adapt quickly enough to changes in 102784 1121 0.0329
the room response then one can never hope to achieve good 5| 01051 13§ 0.0214

6 | 0.0841 | 14 [ 0.0074

echo cancellation. The room response will change when ob-
0.0821 | 15 | 0.0033

-

jects in the room are moved or even when people move about

aroom. The ability of an algorithm to adapt to changes in the Table 2.2: Eigenvalues
of Rxx.

speakerphone-room response is known as its tracking perfor-
mance. Several works [7, 9, 10] investigate the tracking performance of adaptive filtering
algorithms. Nonstationarity in a speakerphone-room response can be created by wav-
ing an object back and forth in front of the speakerphone while recording primary and
reference signals (see Appendix A for a brief discussion of room response measuremert

techniques and further references).

2.3.4 Loudspeaker Nonlinearities

Loudspeakers (such as are used on speakerphores) are nonlinear devices [7, 24].
Most adaptive filtering algorithms (LMS and RLS based) are based on linear theory.
Their performance can be expected to suffer if significant nonlinearities exist in the
speakerphone-room responsz. Such nonlinearities may impose 2 ceiling on the possible
ERLE which can be achieved by linear adaptive filtering. Adaptive filteting techniques
to overcome nonlinear limitations such as neural networks [24] are investigated in the
literature.

This thesis concentrates on linear adaptive filtering techniques and ignores nonlinear

effects. The simulations later in this thesis are based on speakerphone-room responses
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that are assumed to be linear.

2.3.5 Summary

In summary, many of the factors which limit the performance of the LMS algorithm
have been mentioned here. The ability to achieve low modelling error (an ERLE of
40 dB or more) and to converge quickly, given such an unsuitable training signal as
speech, is beyond the LMS algorithm. These requirements work against each other. To
achieve a high ERLE requires an adaptive filter with several thousand taps, which makes
for very slow convergence, thus preventing satisfaction of the goal of fast convergence.
In an acoustic echo cancellation simulation presented in [20], the NLMS algorithm is
used in a teleconferencing situation. The input is split into two bands, each sampled at
8 kHz with the lower band covering the frequency range of 0.15 kHz - 4 kHz (the range
of interest here). The adaptive filter has 3840 taps in this frequency band. With white
noise as an input, the adaptive filter takes more than 6 seconds to converge to a final
ERLE of about 30 dB. When the adaptive filter is trained with a speech signal as the

input, convergence takes more than 30 seconds.

2.4 Normalized LMS

The LMS algorithm is ill-suited to adaptive filtering when the input is 2 nonsta-
tionary signal such as speech, due to the large fluctuations in input power over time.
The fixed step size of the LMS algorithm will not be well tuned to such fluctuations
in the input signal power. The normalized LMS adaptive algorithm (NLMS) [12, 14]
is a slight variation on the LMS algorithm. In the NLMS algorithm, the step size is
adjusted automatically at each iteration to account for the power in the input signal
z(n). If the input z(n) is a stationary signal then the NLMS algorithm will perform
almost identically to the LMS algorithm but when z(n) is not stationary, the NLMS
algorithm will be able to outperform the LMS algorithm by attempting to match the
step size to the expected value of z(n) at each iteration. In fact, with input signals
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such as speech it becomes necessary to use NLMIS in place of LMS in order to achicve
any kind of reasonable performance. In the NLMIS algorithm. the LMS weight vector
update Equation 2.5 is modified to give

W(n+1) = W(n) + ”x(‘; )Hze(n)X(n) (2.12)

where [|X(n)||* is the Euclidean norm of the vector X(n) and is defined as
X)) = 22(n) + Pn=1)+--+2n-L+1). (2.13)

The bounds on p are given by
O<u<? . (2.14)

for the NLMS algorithm.

2.5 Modified LMS Algorithms

The LMS algorithm is simple and effective. Unfortunately, its performance suffers
when the input signal is highly correlated and when the adaptive filter 1s very long.
Both of these conditions are encountered in the problem of acoustic echo canceliation.

The first class of modified LMS algorithms considered attempts to decorrelate the
input signal in order to improve the speed of convergence. In this algorithm, the in-
put signal z(n) is filtered by a “whitening” flter before being used in the adaptive
filter update equation. The error e(n) must also be filtered by the same “whitening”
filter. Figure 2.4 shows the signal paths of this modified LMS algorithm, known as a
coupled LMS algorithm [21]. The structure is identical to the filtered-X LMS struc-
ture [13, 27], save that the additional filter of the coupled LMS algorithm is an adaptive
predictor and is used specifically to whiten the input. With a filtered-X LMS structure,
the additional filter is a fixed filter and represents a model of some error patk component
which cannot be removed from the adaptive filtering problem [26]. A variation of the

filtered-X LMS structure, known as the filtered-E LMS adaptive filter, has also been
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used to serve the purpose of weighting the final error, by appropriate choice of the fixed
filter P(z) [28].

In [21], the filter P(n), where P(n) is the vector containing the coefficients of the filter
P(z). is an adaptive predictor. It is updated using the LMS algorithm as is the main
adaptive filter W(n) {corresponding to 11°(z)). Note that the signal path through the
echo channel and through the echo cancelling filter W (n) is not changed by the addition
of the “whitening” filter P(n). The update equations for the coupled LMS algorithm
are very similar to the LMS update equations. The equations given below correspond
to the fixed step size LMS algorithm. W(n) remains as given by Equation 2.1 and d(n)
is the desired response as before. The filtered sequence xs(n) is determined from z(n})
by

zr(n) = z(n) - PT(n)Xp(n) (2.15)
where
P)= [ ) palm) - o] (216)
and
Xp(n) = [ z(n-1) z(n—-2) --- z(n-N) ]T- . (2.17)

N is the number of taps in the adaptive predictor filter P(n). Sequences y(n) and e(n)
are determined as in Equaticns 2.3 and 2.4 respectively. The same filter P(n) is applied
to e(n):

er(n) = e(n) — PY(n)Ep(n) (2.18)

where Ep(n) takes the same form as Xp(n) in Equation 2.17 above. Finally, both the
adaptive predictor and the main adaptive filter are updated according to the following
t‘;ro equations:

W(n+1)=W(n) + pep(n)X3(n) (2.19)

P(n +1) = P(n) + nz;(n)X3(n) (220

where the notation (-)* indicates complex conjugation of each component of (-). Xy(n)

has the same form as X(n) in Equation 2.2 and 7 is the step size for the adaptive
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predictor. The aim of this algorithm is to provide the LMS algorithm with an input
signal zy(n) which is less correlated than the original signal r(n). In other words the
autocorrelation matrix of rj(n). Rx,x,, will have a smaller eigenvalue spread than
Rxx.

In [21}. it is reported that the coupled

din)

LIS algorithm converges faster than the /4 ‘
LAIS algorithm when the input is a com- L

x{n) Wiz =
plex sinusoid added to complex white noise. 7 ytu i )

. . . ) P

Theoretically, the structure should con Pz Pre)
verge faster than the LMS algorithm for [ [ M s I
highly correlated inputs such as speech dn) Algorithm efn)

in an application like acoustic echo can-

cellation. However, several questions are Figure 2.4: Coupled-LMS adaptive filter.
left unanswered. The effect of misadjustment of the coefficients of P(n) on the error was
not discussed. With a nonstationary signal such as speech, one expects that the adap-
tive predictor coefficients will vary around the optimum and this will have an adverse
effect on the adaptation of the main adaptive filter. This problem has been confirmed
by the author in some simple system identification simulations with a speech input. The
choice of the predictor step size 1 and its effect on the stability of the system has also
not been quantitatively evaluated. In short, it is unclear whether significant gains can
be achieved by the use of the coupled LMS adaptive algorithm. This algorithm does
not add to the computational complexity of the LMS algorithm significantly since it
requires the addition of only two filters which are usually chosen to be very short.

A very similar algorithm to the coupled LMS above is presented in [22]. The dif-
ferences are that in [22] the “whitening” filter is periodically re—evalu;fgd*about every
16 ms using the Levinson-Durbin algorithm and the prewhitening filter is applied to
z(n) and d(n) rather than to z(n) and e(n) as in [21]. No analysis of the algorithm
was undertaken and no comparisons with the LM;S algorithm or any other algorithm

are given in this paper.
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Another modification made to the LMS aigorithm is to use a weighted step size [10,
20]. This approach is based on the statistics of typical room responses. Room respouses
are often characterized as being exponentially decaving. This may not be true for some
room respouscs but every room obeys a decaying response of some kind. Since the room
response is a decaying functidn, it makes sense to “force” the filter to have a decaving
impulse response as well. This can be done by having earlier taps updated with a larger
step size than later taps. This should bias the adaptive filter somewhat to look for an
impulse respoise mote in line with typical room responses. Theoretically, the step sizes
for the adaptive filter take on an exponential profile but in practice one can use a set of
precomputed discrete step sizes in order to avoid the on-line calculation of an exponential
function or the storage of a table of values of an exponential function. A microprocessor
can perform multiplications and additions very easily, but the evalnation of complex
functions requires the use of series expansions and/or look-up tables. A typical step size

versus filter tap plot is shown in Figure 2.5,
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Figure 2.5: Exponentially weighted step sizes.

In summary, modified LMS algorithms achieve some gains in convergence speed over
the LMS algorithm. The steady state performance of the modified LMS algorithms is
very similar to the LMS algorithm itself. However, the gains in convergence speed are

not great and there is much left to be desired in terms of speeding up the convergence
of the adaptive filter. '
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2.6 Recursive Least Squares Algorithms

RLS algorithms are known for their fast convergence. For a stationary input stgnal,
an RLS algorithm will converge to the optimum solution in about L iterations where L
is the number of taps in the adaptive filter. However, RLS algorithms require a large
number of computations for each sample. In fact the complexity of RLS adaptive filters
is on the order of L* [12]. For a large adaptive filter, such as would be used in acoustic
echo cancellation, the computational burden of the RLS algorithm becomes excessive
when compared to the LMS algorithm (with 2 computational complexity on the order of
L.). There are several algorithms which se:ek to decrease the computational complexity
of the RLS algorithm. These algorithms are known collectively as ~Fast RLS”: (FRLS)
algorithms. Some examples of FRLS algorithms are the fast Kalman filter [31]. fast
transversal filters (FTF) (32, 33] and their stabilized versions (SFTF), least squares
lattice (LSL) algorithms [12],and fast Newton transversal filters |34]. FRLS algorithms
have computational complexities which are significantly less than a direct application
of the RLS algorithm. In fact, the fastest FRLS algorithms have a computationnl
complexity on the order of L. -

RLS algorithms have yet to be widely implemented in acoustic echo cancellation ay:
plications due to inherent inétability problems. Instability in FRLS algorithms results
from unpredictable rounding errors in the calculations required by a FRLS algorithm
and from singularities in the input autocorrelation matrix {12, 35|. The problem of sin-
gularities in the input autocorrelation matrix can be minimized by proper choice of the
juitial variables. The numerical rovnding errors are influenced by the accuracy of arith-
metic used. If an FRLS algorithm is implemented with finite precision arithmetic, it will
eventually go unstable [35]. The current methods to stabilize FRLS algorithms involve
peribdicallv re-initializing the internal state variables of the FRLS algorithm. These
re-initializing procedures add at least L operations per sample to the comput.auona.l
complexity of the FRLS algorithms.
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In [35]. a2 new method of stabilizing an FRLS algorithm is presented. This method
involves multiplying one of the internal variables of the FRLS algorithm by a factor close
to but slightly less than one. This method requires only one additional multiplication
per sample. Results are presented that show that the use of the above procedure avoids
the instability that would otherwise have occurred in the FRLS algorithms. The FRLS
algorithis are then shown to perforru fairly closely to the RLS algorithm itself.

FRLS algorithms typically employ a predictor section of the same length as the
length of the adaptive FIR filter itself. In [3€], a new fast RLS algorithm is proposed to
reduce the computational complexity of an FRLS algorithm by employing a predictor
section of a shorter length. Given that the length of the adaptive filter is probably a few
thousand taps great savings in the computational complexity are expected if a predictor
of 5 to 20 taps is used. A predictor of such a length should be sufficient to model
speech. An algorithm which is less than twice as computationally intense as the NLMS
algorithm is shown to perform nearly as well as a standard FRLS algorithm when the
predictor is of length 20. The algorithm converges considerably faster than the NLAIS
algorithm as long as the length of the predictor is chosen to be greater than four.

The LMS algorithm uses the instantaneous value of €*(n) as its measure of the
MSE. The RLS algorithm, on the other hand, uses information about tke input data
and error data extending back to the time the algorithm was started [12]. Usually, a
“forgetting factor” is applied to the error measure of the RLS algorithm so that very
old data are forgotten, and the adaptive filter can follow the statistical variations in the
desired response when the adaptive filter operates in a nonstationary environment. The
ability of the adaptive filter to follow these statistical variations is known as “tracking”
performance. The error measure for the RLS algorithm at sampling instant n is defined

as

Trasn) = 3 8(n, 3} - eI (2.21)

i=0

A commonly used weighting factor 8(n, i) is the exponential weighting factor, given by

B(n, i) = A", i=1,2,---,n. (2.22)
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The effective “memory”™ of the exporential weighting factor is given by (1 — A\)~!. If the
effective memory of the weighting factor is K. then the error measure of the RLS algo-
rithm is essentially the sum of the past K values of the squared error. \ = 1 corresponds
to the case of the infinite memory RLS. It is the infinite memory RLS which is capable of
making great gains in convergence speed over the LMS algorithm. However, the infinite
memory RLS has very poor tracking performance since every value of the error from
time 0 to time n is used to determine the current adaptive filter weight vector. Changes
in the system being modelled will not be followed very well by the RLS algorithm since
the RLS algorithm is still using “statistically outdated” error measurements. The use
of the forgetting factor allows the RLS to track better, but convergence speed suffers as
a result. In fact, for the exponentially weighted RLS, the factor {1 — \) plavs a role very
similar to that of p in the LMS algorithm. Results in [37, 33] indicate that, with both
the LMS and the RLS algorithms tuned to minimize misadjustment, the RLS algorithm
has worse tracking performance than the LMS algorithm.

Although the convergence properties of RLS algoritkms are very attractive the com-
putational complexities of these algorithms remains excessive. Even the fastest FRL.S
algorithms, except some more recently proposed algorithms [36]. are still about four
times more computationally intense than the NLMS algorithm. As well, instability
problems due to the causes described above require additional calculations and may
affect the performance of the algorithm to some extent. The convergence gains possi-
ble with the RLS algorithm become less attractive when the performance of the RLS
algorithm in a nonstationary environment is considered. The acoustic echo cancellation
environment is indeed highly nonstationary, as described previously, and the perfor-
mance of the RLS algorithm will suffer under such conditions. For these reasons the
bulk of research in the field of acoustic echo cancellation remains dedicated to the use
of LMS algorithms and, save the odd exception, the rest of this chapter will deal specifi-
cally with various algorithms all having as their basic method of parameter optimization
an LMS algorithm.
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2.7 Transform Domain Algorithms

Transform domain implementations, also known as frequency domain implemen-
tations, of adaptive filtering algorithms have two basic advantages over time domain
implementations. The first advantage is the potential computational savings over a
time domain adaptive filter if an efficient transform algorithm such as the Fast Fourier
Transform (FFT} is used [40]. The second advantage is that the input signal is split
into transformn components which are approximately uncorrelated and thus the adap-
tive filter coefficient corresponding to each input transform component may be updated
using its own time varying step size [41]. Transform domain algorithms use an LAIS
algorithm for the update of their coefficients although the use of an algorithm such as
the RLS is not precluded. The discussion here will be limited to the LMS algorithm.

The basic operation involved in a transform domain algorithm is the transformation
of the input signal z(n) into a more desirable form befrre adaptive processing. The
transform used is a fixed transform and can be considered as a preprocessing step.
Typically a Discrete Fourier Transform (DFT) or a Discrete Cosine Transform (DCT)
is used. The basic blocks involved in a transform domain adaptive algoriti:fm are shown
in Figure 2.6. Transform sequences X (&), Y (k), D(k) and E(k) are parallel signals with
either Af or 20 parallel coefficients each where M is the size of the transform used.
2M coefficients are needed to implement linear convolution whereas if Af coefficients are
used, circular convolution will be implemented. The choice of structure from Figure 2.6
depends upon the particular application. Note that the first structure in Figure 2.6 has
more delay (two transform blocks) in the error path than the second structure. This
added delay may cause some deterioration in performance under some circumstances.

In Section 2.3, the effect of eigenvalue spread of the autocorrelation matrix on the rate
of convergence of an adaptive filter was discussed. It can be shown that an orthogonal
transform such as the DFT or DCT can greatly reduce the eigenvalue spread and hence
result in improved convergence of the adaptive filter [41]. Estimated eigenvalues for a

16 x 16 autocorrelation matrix of a speech signal were given in Table 2.2. The eigenvalue
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Figure 2.6: Structure of the transform domain adaptive filter.

spread of this matrix was shown to be very large. In order to illustrate the advantagres
of a transform domair implementation of an adaptive filter, Table 2.3 shows eigenvalue
spreads for several different transforms [41]. The Karhunen-Loeve Transform (KLT) is
the ideal transform in tkat the KLT of a signal has completely orthogonal components.
The KLT is a time varying signal dependent transform that is difficult to compute
in practice. The autocorrelation matrices of the transformed signals are indeed much
better conditioned than the original signal. The DCT in particular appears to be a very
appropriate transform for use with speech signals.

There are essentially two types of transform domain algorithms. The first type im-
plements the adaptive filter using a block processing approach [40]. Its main advantage
is the computational savings afforded when very long adaptive filters are used. The
second type applies the transform at every sampling instant and is known as a “sliding
window” transform domain algorithm |40, 41]. These two forms of the transform domain

adaptive filter will be considered in turn.
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Transform Armin Amar | Amaz/Amin
Identity | 0.0032585 | 6.1069 1874
DFT 0.0288863 | 3.5476 123
DCT 0.6331885 | 1.6733 3
KLT 1.0000000 | 1.0000 1

Table 2.3: Eigenvalue spreads for different transforms (M = 16) of the speech signal

in Tables 2.1 and 2.2.

The standard time domain LMS adaptive filter can be implemented using a block
approach. The block LMS algorithm (BLMS) achieves computational reductions over
the LMS algorithm [19, 39] by only updating the weight vector once everv N samples
rather than at every sampling point. In this case, the estimated gradient is computed at
every sampling point but the weight vector is not updated at every sampling point.
Instead, tke gradient estimates are averaged over the block size V' and the weight
vector is updated once every N samples using the averaged gradient estimate. The
block processing is in effect a sort of smoothing process. The block transform domaia
adaptive filter implements the above block processing scheme in the transform domain.
This algorithm is commonly called the Frequency Domain Adaptive Filter (FDAF) since
the DFT is used to implement the convolutions required by the algorithm. The FDAF
can be implemented using either of the structures of Figure 2.6. When the DFT is used
to implement the convolutions required by the algorithm, constraints must be introduced
in order to obtain linear convolution. An FDAF which implements linear convolution
is known as a constrained FDAF. For a block size of N, the DFT size used is 2.V. The
linear convolutions may be performed using either the overlap-add or the overlap-save
methods [1]. In either case, the FDAF algorithm will require storing old data blocks
and appending blocks of zeros to current data before the computations of the size 2V
transforms. A gradient constraint section requiring two DFT blocks is also required in

the weight vector update section in order to “zero” the last N points of the gradient
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~1

FDAF Algorithm Filter Size L

16 32 64 128 | 256 | 512 | 1024

Linear Convolution 2.063 | 1.188 | 0.672 { 0.373 | 0.207 | 0.062 | 0.033

Unconstrained Gradient | 1.438 | 0.813 | 0.453 | 0.250 | 0.137 | 0.040 | 0.021

Circular Convolution | 0.625 | 0.359 | 0.203 | 0.113 | 0.062 | 0.019 | 0.010

Table 2.4: FDAF computational complexity ratios (relative to LMS) [40].

estimate so that the 2.V weight vector coefficients correspond to the iV point time domain
weight vector. The unconstrained FDAF is obtained if the gradient constraint condition
above is removed. As such the 2:V point weight vector will not correspond directly to
the equivalent time domain vector as it did in the case of the constrained FDAF. The
dropping of the gradient constraint enables the unconstrained FDAF to save a number
of computations over the constrained FDAF. If N point DFT’s are used in place of
2N point DFT’s then the FDAF will implement circular convolutions. Its advantage
over the constrained and unconstrained FDAF’s is the less complex trans&{rm required.

The weight vector update of the FDAF uses a time varying independent step size
for each weight vector coefficient. This is possible since each weight vector coefficient
represents the frequency domain component of the adaptive filter and thus different
weight vector coefficients are approximately uncorrelzted. These independent step sizes
for different frequency bands lead to faster convergence for highly correlated inputs as
indicated by Table 2.3. The FDAF is also computationally less intense than a fullband
LMS filter for longer adaptive filters. The computational savings arise from the use
of an efficient FFT algorithm for the implementation of the DFT. Table 2.4 from [40]
shows the ratio of FDAF computational complexity to time domain LMS adaptive flter
complexity for a block of IV samples for several different filter lengths.

The disadvantages of the FDAF algorithms stem from the use of block weight vector
updates and from the inexact convolutions implemented by the unconstrained FDAF

and the circular convolution FDAF algorithms. For the case of acoustic echo cancella-
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tion, adaptive filters with several thousand taps may be required. An FDAF algorithm
with a filter of such a length would have a very long block length. Such a long block
length would seriously hamper the ability of the algorithm to track any nonstationarities
in the room response. As well the FDAF would perform poorly with a nonstationary
signal such as speech which might have more quickly varving statistics than the FDAF
would be able to pick out. given a block length of a few thousand samples. Since the
data is processed every N samples, the entire FDAF will have an end to end delay
of N samples as well. Such a long delay may be unacceptable for applications such
as telephony. The unconstrained FDAF and the circular convolution FDAF would also
have inferior steady state error performances as compared to the fullband LMS adaptive
filter and as already pointed out the steady state error performance required for echo
free transmission is as yet an elusive goal for all adaptive filters.

“Sliding window” transform domain algorithms will now be examined. These al-
gorithms are “non-block” transform domain algorithms, in contrast with the FDAF’s
discussed above. As such, they avoid the performance problems associated with long
block lengths discussed above. However, they do so at the expense of computational
complexity. These algorithms are more computationally complex than a time domain
LMS adaptive filter. The main goal of these transform domain adaptive filters is the
gain in convergence rate possible as demonstrated above (via the reduction in eigenvalue
disparity of the input autocorrelation matrix). These algorithms function as depicted in
Figure 2.7. The input z(n) is fed to a delay line which stores the current input and the
last Af —1 values of it. An M point tra.néform such as the DFT or the DCT is computed
at every sample. Each transform component is weighted by one adaptive coefficient and
the weighted transform components are added to form the current output y(r). The
error is obtained from d(n}—y(n) and used to update the weight vector. Each coefficient

of the weight vector is updated using its own step size determined from:

H .
P T =, 1=0,1,--, M -=1. 2.23
= B =) (2.23)
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Figure 2.7: Transform domain adaptive filter.

The combination of the tapped delay line and the M x M orthogonal transform
can be implemented as a filter bank. To calculate a large transform at every sample
would be very computationally expensive, although efficient methods do exist for the
computation of transforms such as the DFT and DCT. An adaptive channel equalization
example from [42] compared the performance of the LMS algorithm and the sliding
window transform domain adaptive filter. The tra.nsfc;rm domain filter required twice
as many computations as the LMS adaptive filter. In [42], a DCT of size 32 was
used. In acoustic echo cancellation, much larger transforms would be required and this
would greatly multiply the additional computational complexity required by the sliding
window transform domain adaptive filter. In spite of the lure of faster convergence such
a structure is simply not feasible for acoustic echo cancellation.

Variants of the above structure which employ more than one tap per transform

component have been introduced [42, 43]. The structure proposed in [42] is based on
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the use of a transform with a sparse adaptive filter in each band. The sparse adaptive
filters, whose spectrums repeat themselves within the fullband (0 — 27), make use of
the parrowband nature of the transform signals in each frequency band. This structure
achieves a speed of convergence close to that of a transform domain LMS structure
while saving considerably on the computations. The reduced computational complexity,
relative to the sliding window transform domain adaptive filter, is a2 result of the use
of a much smaller transform size M. For example, a time domain adaptive filter with
L taps can be replaced by a sliding window transform domain adaptive filter with a
transform of size M = L. The adaptive filter structure of [42] could use a transform of
size N with K taps for every transform component, such that N-K 2 L. This allows the
possibility of iV being considerably smaller than A, However, the structure still requires
considerably more computations than the fullband LMS structure. The adaptive filter
structure of [42| also has the advantage that it adds less delay to the signal path than
the transform domain LMS structure, again due to the smaller transform size used. As
already discussed, applications such as telephony may have very stringent requirements
for the added delay of the adaptive filter. Typically, one would want to restrict the

delay to less than 10 ms which is 80 samples at a sampling rate of 8§ kHz.

2.8 Subband Adaptive Filtering Algorithms

The use of subband adaptive filtering is motivated by two goals: faster convergence
and reduced computational complexity [30, 51, 55]. Subband adaptive filtering is based
on the use of an A/ band filter bank. A basic A band filter bank is shown in Figure 2.8.
The bank qf filters H;(=) form the analysis filter bank. The outputs of each of the filters

in thg analysis filter bank are decimated by a factor R where
R<L M. | (2.24)

The second flter bank, composed of the filters G;(z) in Figure 2.8, is called the synthesis
filter bank. The inputs to the flters Gi(z) are upsampled by R before filtering. The
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Figure 2.8: Basic Af-band filter bank structure.

‘outputs of the filters G;(z) are added together to form the output of the filter bank y(n).
The relationship of Equation 2.24 must be observed in order for the output y(n} to be
an alias-free approximation to the original signal x(n). In fact it is possible to choose
the filters H;(z) and G;(z} so that y(n) is merely a delayed version of z(n). Filter banks
satisfying this property are called perfect reconstruction (PR) filter banks [44, 47).

The basic structure of a subband acoustic echo canceller is shown in Figure 2.9.
The speech input is split into subbands by the analysis filter bank as is the echo signal
d(n). The subband signals D;(n) and X;(n) are decimated by R before going through
the adaptive filter. The NLMS algorithm is performed in each subband independently
on the decimated subband signals. The output e(n) of the system is formed by first
upsampling the subband error signals E;(n) by R and then passing the upsampled
E;i(n)’s through the synthesis filter bank.

Faster convergence than the LMS algorithm is expected when the input z(r) is a
highly correlated signal. This can bé expected intuitively since within each subband of
the subband adaptive filter, the input for that subband X;(n) contains only a portion of
the spectrum of the original input. It is likely that this portion of the spectrum is closer
to being white, in other words flat, than the whole spectrum when considered all at once.
The process of decimating aliases the signal and spreads out the originally bandlimited

signal into a more or less fullband signal. This is as well a sort of “whitening” process
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Figure 2.9: Subband acoustic echo canceller.

which may serve to speed up the convergence of the adaptive filters in each band. The
length of the adaptive filter in each subband is usually chosen to span the same length
of time as the equivalent fullband adaptive filter. Since the subband adaptive filters
are operating at a lower sampling rate fewer taps are required in each subband. This
also provides the opportunity for faster convergence since it has already been mentioned
that convergence speed is inversely proportional to adaptive filter length. Results in [48]
show a much faster rate of decay for the error for a subband adaptive filter as compared
to a fullband adaptive filter for a correlated input signal. The input signal used was a
stationary noise signal with a speech-like spectrum.

The savings in computational complexity of a subband adaptive filter over 2 fullband
adaptive filter are dependent on the the sampling rates used [50]. If the subband signals
are maximally decimated (R = M), then the subband structure will provide the most

savings. Obviously at some decimation rate less than the maximum possible (R <
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M), the subband structure becomes more computationally intense than the fullband
LMS algorithm, and if there is no decimation whatsoever (R = 1), then the subband
adaptive filter will require more than )/ times as many computations per sample as
the fullband LMS algorithm. One must also not forget the computational burden of
the three filter banks required by the subband adaptive filter. Multirate filter banks
may be implemented as polyphase structures which reduces their computational burden
considerably [46].

Current subband adaptive filters suffer mostly from one problem. The steady state
error or misadjustment of the subband adaptive filter is significantly greater than that of
the fullband LMS filter. Attempts to overcome this limitation have been only partially
successful and usually sacrifice performance in other areas.

The misadjustment problems of the subband adaptive filter arc due mainly to the
nonideal nature of the filter bank structure itself. The subbands are in fact not com-
pletely independent of each other. The filters used in the filter banks have finite stop-
band attenuation and adjacent filters overlap in the region of their transition bands. In
general, the more independent the subbands are with respect to each other, the"b.etter
the subband adaptive filters will perform. The overlapping of adjacent filters in the fre-
quency domain leads to aliasing in the output error spectrum if the subband adaptive
filter is decimated maximally (R = M) [50, 51]. A look at the error spectrum after
convergence will show that the adaptive filter has failed to identify the room response
in the frequency regions which correspond to the overlapping areas of adjacent filters
in the filter bank. The maximally decimated structure is the most desirable structure
due to its computational savings and due to the fact that the process of maximum
decimation leads to the most “white” signals in each of the subbands. A solution te
this problem of aliasing proposed in [49] and [50] is to use adaptive cross-filters between
adjacent subbands. It was shown that the inclusion of such cross-filters in the subband
adaptive filter structure cancelled the aliasing and led tc an adaptive filter capable of
achieving misadjustment levels similar to a fullband LMS scheme. However, the cross-

filters significantly degraded the convergence speed of the subband adaptive filter to the
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point where convergence was slower than the fullband LMS [30]. As well, the addition
of cross-filters counteracts the computational savings originally claimed for a maximally
decimated subband adaptive filter. The filters making up the filter bank may also be
optimized [33, 54, 62, 64]. The optimization criterion used is usually the maximization
of the stopband attenuation for a given transition bandwidth. Improved misadjustment
may result if optimized filters are used but aliasing will not be cancelled completely and
the need for cross-filters remains.

This leaves subband adaptive filters with decimation rates lower than M, known as
oversampled filter banks, as the way to go [51, 63]. With such a scheme aliasing, as
described above, can be avoided and some decrease in the computational complexity
over a fullband adaptive filter can still be achieved [50]. There are still problems with
such a structure. In Section 2.3, convergence speed was linked to the eigenvalue spread
of the input autocorrelation matrix. In a subband structure the autocorrelation matrix
of a subband signal may in fact have a larger eigenvalue spread than the fullband signal
due to bandpass filtering. The decimation by R < M does not “whiten” the signal
since there are only R copies of the spectrum which has a bandwidth of 2z/M and
2rR/M < 2z, According to [3], the greater eigenvalue spread is not necessarily that
detrimental since most of the eigenvalue disparity is due to the regions of the spectrum
near the transition bands. In other words, it helps that the input and desired response
are bandlimited by the same filter. The subband adaptive filters converge well in their
midband regions and converge poorly in their transition band regions, however the
poorer convergence in these transition band regions is masked somewhat in the overall
error performance since the synthesis filter bank tends to attenuate the subband signals
at these frequency points. The deterioration in convergence of subband adaptive filters
near the transition bands is more clearly detailed in [55]. It is there proposed to use
analysis filters with larger bandwidths than the synthesis filters. Thus, the analysis
filters are very “overlapping” and the synthesis filters are not so “overlapping”. The
transition band of the analysis filters, where the adaptive filters perform poorly, will be

more completely filtered out by the synthesis filters and the convergence of the system
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as a whole should be improved.

All the subband adaptive filter structures discussed up until now have used the
LMS algorithm. A subband acoustic echo canceller using an RLS algorithm is proposed
in [61]. This structure seeks to achieve convergence performance comparable to a full-
band RLS adaptive filter while avoiding the massive amounts of computations usually
required by an RLS algorithm. The savings in computations are afforded by the nature
of the subband adaptive flter. If enough bands are used, the decimation rate is great
enough, and a fast RLS algorithm is used, a subband RLS structure with a computa-
tional complexity comparable to a fullband L)MS adaptive filter can be implemented.
Additionally, the speed of convergence of the subband RLS algorithm will be superior to
that of the fullband LMS algorithm. Of course, the stability of the fast RLS algorithm
used is another issue to be resolved and as mentioned previously, the RLS algorithm

may not track the desired response statistics as well as the LMS algorithm.

2.9 IIR Adaptive Filtering Algorithms

The vast majority of work on acoustic echo cancellers has concentrated on FIR
adaptive filters. This is because the adaptation of FIR filters is much better understood
than the adaptation of IIR filters. In a problem such as acoustic echo cancellation where
the room transfer functions being modelled are very long, one might expect that an
adaptive IIR filter would achieve similar or better performance than an FIR filter while
using significantly fewer coefficients. However, the efficiency of IIR filters is associated
with other disadvantages wher implemented in an adaptive mode.

IIR adaptive filters fall into two basic categories: equation error (EE) and output
error (OE) algorithms. OE algorithms are a direct implementation of an IIR Slter
and as such they have numerous problems with stability, local minima and convergence
speed [67). The EE algorithms on the other hand result in a biased estimate of the
desired response [67]. The estimates become biased when the desired response d(n)

contains not only the response of the room to the input speech z(n) but also another



2.9 ITR Adaptive Filtering Algorithms 36

uncorrelated signal. An uncorrelated noise signal is always present in a hands-free
communication system and thus the EE algorithm will be unsuitable for acoustic echo
cancellation. This leaves the OE approach as the only viable way to implement an ITR
adaptive filter and this has yet to be used in an acoustic echo cancellation situation with
satisfectory results.

An approach that has received some attention [69, 70] is the use of fixed pole adaptive
filters (FPAF). In such filters the number and locations of the poles must be assigned
based on a priori information. This would require knowing the resonance properties of
the room to be modelled or making several measurements of the room transfer function
prior to any adaptive modelling. Some gains in computational complexity and conver-
gence speed were claimed in [70] for a FPAF scheme. The poles were calculated by
measuring the room response ten times with the loudspeaker-microphone orientation
changed for each measurement. After the poles had been calculated the adaptive FIR
part of the filter could function to identify the room response. Such a scheme would re-
quire significant overhead in terms of calculations of the pole locations. As well, results
in [70] are for a very limited bandwidth because at low sampling frequencies the poles
are expected to have lower orders. It is unclear how the performance of this system
would be affected by the use of the typical telephone sampling rate of 8 kHz. Stability
of the system is another concern which has not been fully addressed.

Another question that must be asked is how much gain in performance can be ex-
pected from the use of IIR adaptive filters? This issue has been addressed in [68] with
the conclusion that for a given number of parameters an OE IIR model cau perform
only marginally better than ar FIR model with the same number of parameters. The
comparison was based on the ERLE achieved and says nothing about comparative con-
vergence rates. The performance of the EE IIR modelling was found to be worse than
the FIR model. In summary it must be concluded that due to the performance prob-
lems of IIR adaptive filters and due to the uncertainty about the gains to be achieved
by the use of IIR adaptive filters, FIR adaptive filters remain the preferred choice for

the problem of acoustic echo cancellation.
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2.10 Subjective Hearing Criteria

The motivation for this thesis is presented in this section. The goal of developing an
adaptive filtering algorithm which can weight the frequency spectrum of the error will

be undertaken. The reasons for doing so will be exposed shortly.

2.10.1 Subjectively Based Coding Algorithms

There have been several efforts in the field of audio coding to make use of subjective
properties of the ear in order to maximize coding gain while preserving the subjective
quality of the signal being coded [72, 73, 75]. If a signal can be coded, transmitted
and reconstructed with no loss in subjective quality then the coding system is known
as a “transparent” coder. The goal of the audio coding algorithms is to retain thke
transparency of the coder while exploiting certain properties of the human ear in order
to reduce the bit rate as much as possible.

There are two essential properties of the ear which provide for this exploitation.
These properties are the ear’s sensitivity to sounds of different frequencies and secondly,
the inability of the ear to distinguish between sounds of two different frequencies if these
frequencies are sufficiently close to one another. The first property is illustrated by the
absolute hearing threshold curve of Figure 4.9 on page 124. This curve shows the tone
sound pressure level (SPL), in dB, required for audibility (by human listeners) versus
tone frequency [72]. As the tone frequency decreases (below 1 kHz), the tome must
have a greater SPL to be audible. As the tone frequency increases (above 5 kHz), the
same is true. Thus, this curve indicates that the human ear is most sensitive to signal
frequencies in the range of 1 kHz to 5 kHz. The second property, known as the masking
threshold, indicates that if a strong signal is present at some signal then the ear will
be unable to hear another signal with a nearby frequency if that second signal does
not exceed some relative value. In other words, weaker signals are masked by strongerr
signals to a degree inversely proportional to the frequency difference between the weaker
signal and the stronger signal. 7
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Several efforts in the domain of audio coding {72, 73, 73] have used models of the
above two properties of the ear to achieve significant coding gains for transmission
of audio signals. The coding gain is defined as the ratio of the reduced bit rate to
the original bit rate. In [72], a coding gain of about T is achicved using a masking
threshold model of the human ear. The basic idea behind these coding algorithms is
to split the original signal into subbands, usually using a maximally decimated, perfect
reconstruction filter bank, and to then assign bits to each subband for the quantization
of each subband signal on the basis of the masking model. In bands where there is
significant input energy one may be able to use fewer bits since quantization noise
generated by the use of a small number of bits will be masked. The masking model also
states that a strong signal in one band will mask signals in the next band so that the
calculation of the masking threshold for each band is based on a spectral analysis of the
input signal. The masking threshold for each band is the basis by which the number of
bits for quantization is assigned.

This algorithm is also applicable to speech coding. However, for telephone speech,
the bandwidth of interest is from 0 Hz to 4 kHz whereas with audio the bandwidth was
0 Hz to 20 kHz. Results for speech coding using this method have not yet been reported.

2.10.2 Frequency Weighting Adaptive Filters

The psychoacoustically based coding algorithms described above give motivation to
apply some of the same psychoacoustic principles to the area of acoustic echo cancellation
for hands-free telephony. The idea remains essentially the same: to concentrate the error
(echo) in frequency regions where the human ear is less sensitive to them. This requires
the development of an adaptive filtering algorithm which shapes the echoes spectrum in
accordance with the sensitivity of the human ear. The development of such an algorithm
will be the focus of the bulk of this thesis. The adaptive filters described thus far seek
only to minimize the mean square error in a mathematical sense.

It is impractical to employ the masking threshold model of the frequency response

of the human ear for the acoustic echo cancellation case. Calculation of the short-



2.10 Subjective Hearing Criteria 39

time Fourier transform and the masking thresholds for each subband would present an
enormous computational burden to the adaptive filtering algorithm. These calculations
may be quite justifiable in the case of coding since all of the complexity takes place
on the coding side of transmission. Decoding remains a simple process and thus a
system where one complex, powerful coder is capable of performing these calculations
while an infinite number of simple decoders can decode the transmisstons is possible.
Such is not the case with acoustic echo cancellation. DSP chips used to implement
acoustic echo cancelling algorithms have a limited amount of usable memory and a
limited operation speed and any adaptive filter implemented on the chip is restricted in
complexity by these constraints. Thus, computational simplicity is a goal in adaptive
filtering algorithm design.

The other problem, and an equally if not more daunting one at that, is that the
masking threshold levels are constantly changing. The masking threshold spectral curve
at any given instant is directly linked to the input signal statistics at that time. Adaptive
filters take a finite amount of time to converge and if the parameters of the adaptive
filter are constantly changing in order to match the nonstationary characteristics of the
masking threshold curve, the adaptive filter may not be able to track the input as well
and the performance of the adaptive filter is expected to suffer.

Thus, for the purncses of this thesis, a simpler model for the frequency weighting
must be derived in order to apply perceptual hearing criteria to the echo spectrum of the
adaptive filter. The absolute hearing threshold curve in Figure 4.9 on page 124 provides
this model. Unlike the masking thresholds discussed earlier, this curve is simply a
measure of the ear’s sensitivity to sounds of different frequencies and is not related to
input signal statistics. Thus, the same weighting will be applied to the adaptive filter
error at all times and this should not harm the convergence of the adaptive filter.

Two algorithms are proposed and investigated for the purpose of weighting the echo
spectrum according to the psychoacoustic principles discussed above. In Chapter 3, the
filtered-E LMS algorithm is considered. The filtered-E LMS algqrithm is simply the full-
band LMS algorithm with a weighted error. The object of weighting the error is to give



2.1i Summary 40

echozs with frequencies deemed more important (subjectively speaking) a higher weight-

ing than less important echoes. In the investigation of the filtered-E LMS algorithm, it
will be discovered that the weighting filter applied to the error does not significantly af-
fect the shape of the final echo spectrum when modelling a speakerphone-room response
while changing the cor ‘ergence properties of the adaptive filter. A subband adaptive
filtering structure is then proposed in Chapter 4 which successfully achieves frequency
weighted echoes by adaptively allocating the available number of filter taps to the AS
bands of the subband adaptive filter. The performance of the adaptive tap assignment
subband adaptive filter is investigated from both objectively and by means of simple
listening tests performed by the author. The proposed algorithm’s performance is com-
pared with an existing adaptive tap assignment algorithm and with the standard fixed
tap assignment subband adaptive filter.

2.11 Summary

This chapter has presented an overview of the field of acoustic echo cancellation.
The nature of the acoustical coupling between the loudspeaker and the microphone of
a hands-free communication set was discussed. Other problems inherent in the imple-
mentation of a hands-free communication link were also briefly discussed. Perhaps the
oldest method of acoustic echo cancellation, gain control, was described before present-
ing acoustic echo cancellation in an adaptive filtering context. The basic structure of
the adaptive filter-based acoustic echo canceller was preseated and the terminology and
filtering equations for this structure were given. The LMS algorithm was presented as
the most common approach to updating the coefficients of the adaptive filter.

The limitations of the LMS based adaptive filter in an acoustic echo cancellation
application were discussed on the basis of convergence speed and steady state mean
square error. Three main factors whichk impede the LMS algorithm from achieving sat-
isfactory convergence and steady state erro? were introduced. These were the length of

typical room responses, the statistics of the mput {speech) in an acoustic echo cancel-
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lation environment, and loudspeaker noulinearities. The tracking berformance adaptive
filters was introduced as another area of comparison between various adaptive filtering
algorithms.

Algorithms which seek to improve upon the convergence speed of the LMS algorithm
were Introduced and compared to the LMS algorithm in terms of improvement in con-
vergence speed and tracking performance. The algorithms covered were the normalized
LMS (NLMS) algorithm, modified LMS algorithms, recursive least squares (RLS) algo-
rithms, transform domain algorithms. subband adaptive fltering algorithms, and IIR
adaptive filtering algorithms.

The chapter ended with a section on the motivation for this thesis. That motiva-
tion is to develop an algorithm which seeks to minimize the audibility of the adaptive
filter error rather than just minimize the adaptive filter error in a mathematical sense.
Coding algorithms which use models of the human auditory system to achieve coding
gains were presented as a backdrop to the introduction of similar S;leas in the field of
adaptive filtering. The two algorithms that will be used to try to shape the error in ac-
cordance with the perceptual criteria of the human ear were introduced. They were the
filtered-E LMS algorithm and the subband adartive filtering algorithm with a.dapt.i.ve
tap assignment. ' |



CHAPTER 3

Filtered-E LMS Algorithm

In the conventional LMS algorithm the adaptive filter error e(n), as given by Equa-
tion 2.4, is used directly to update the weight vector as in Equation 2.5. In this chapter,
the feasibility of weighting the error in the frequency domain (based on psychoacoustic
criteria) so that the bulk of the error energy is placed in less audible frequency ranges is
investigated. This would improve the subjective quality of the degraded speech signal
regardless of the effect on the SNR. The advantage of using this scheme is its simplicity.
A filter would be used to weight the error, requiring only a few more computations per
sample in addition to the computations normally required by the LMS algorithm.

Simulation results for this algorithm will be presented and its performance discussed
in due course. This algorithm will be applied to two adaptive filtering environments:
line echo cancellation (LEC) and acoustic echo cancellation (AEC). In the LEC simu-
lations, the proposed approach provides significant performance improvement over the
LMS algorithm in terms of frequency weighting. However, in the AEC simulations,
the filtered-E LMS algorithm did not achieve better echo cancellation at emphasized
frequencies than the LMS algorithm. Further simulations show that the performance
of the filtered-E LMS algorithm is very dependent on the type of response being mod-
elled. Important factors in the filtered-E LMS algorithm performance are the level of
undermodelling and the dominant features of the plant response (such as its smoothness

and whether or not it contains regions of transition). The performance of the fltered-E
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LMS algorithm will be examined from several perspectives. Henceforth. the filtered-E
LMS algorithm will also be referred to simply as the FELMS algorithm.

The unknown responses and input speech sequences used in the simulations of this
thesis are displayed in Appendices A and B. Two speakerphone-room responses were
used, and these will be denoted as rooms WBN13 and mc3023. Descriptions of these
speakerphone-room responses are given in Appendix A. The speakerphone-room re-
sponses were sampled at 8 kHz. The method of speakerphone-room impulse response
measurement is described in Appendix A. Ore hybrid response was used and this will
be denoted as hybrid hybrid! (also sampled at 8 kHz). Three different speech input
sequences were used, denoted as speech sequences m98, m5{ and hktf These speech
sequences are plotted in Appendix B along with their average power spectra. All speech
sequences were recorded in an anechoic room and obtained from Bell Northern Re-
search [63]. The sampling rate for the recordings was 16 kHz. The sequences were
subsequently decimated by 2 using the program decimate from Matlab. The program
decimate first filtered the sequences with an anti-aliasing, lowpass, linear phase FIR
filter and then decimated the signals to bring the sampling rate to 8 kHz. The labels

m98, m54 and hif are simply used to differentiate between the three speech sequences.

3.1 Origins of Filtered-E LMS

The filtered-E LMS algorithm has its dtm)
origins in the filtered-X LMS algorithm. Plant Inverse modet
This section discusses the filtered-X LMS " i e
algorithm and the motivation for the mod- ( “
ifications to the filtered-X LMS algorithm LMS

Algorithm

which make it the filtered-E LMS algo-
rithm. The development of the fltered-
X LAMS algorithm arose from work in the

Figure 3.1: Adaptive inverse modeiling of
a plant P(z) with LMS.

field of inverse control. In inverse control, an adaptive filter is placed after the plant
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(unknown system) and is updated so as to provide an inverse to the plant, as illustrated
in Figure 3.1 (from [13]). However, if the estimate of the plant output is very noisy
and this noise is uncorrelated with the plant input, the adaptive solution will not be a
close approxirnation to the delayed inverse. In such cases where the noise is significant
and may cause unsatisfactory error in the inverse solution, the filtered-X LMS approach
may be applied. In the filtered-X LMS approach, the adaptive inverse filter is placed in
front of the plant as shown in Figure 3.2. The input to the LMS algorithm must also

be filtered by the plant transfer function (see [13]).

din)

i

x(n) > W) > Pf:)

LMS
- Pf~ - -t
S Algorithm

Figure 3.2: Adaptive inverse modelling of a plant P(z) with fltered-X LMS.

In the inverse control application discussed above, the desired response d(n) is simply
a delayed version of the input: d(r) = z(n — A). The delay is required since both the
plant P(z) and the adaptive inverse model W (z) are causal systems. The filtered-X LMS
algorithm has come to be used in other applications as well, most notably, in active noise
control. The adaptive filtering set-up for active noise control is shown in Figure 3.4.
Note that the notation of Figure 3.4 is somewhat different than that of Figure 3.1. What
can be inferred from Figures 3.1 and 3.4 is that the term “fltered-X LMS” really refers
to a modified LMS algorithm which has an additional transfer function applied to the
adaptive filter output y(n) and to the reference input to the LMS algorithm z(n).
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The performance of the filtered-X LMS algorithm in inverse control is claimed to be
very comparable to that of the LMS algorithm [13]. In the case of active noise control,
the use of the filtered-X LMS algorithm is required. The cancellation path transfer
function is an estimate of the -tra.nsfer function between the adaptive filter loudspeaker
(which tries to cancel the noise) and the error microphone (which picks up the remaining
noise at some location physically distinct from the loudspeaker), as shown in Figure 3.3.
An example of a noise cancellation application is the cancellation of motor noise inside a
car. Here, the noise source is of course the car motor and the input to the adaptive filter
might be taken from under the hood. The loudspeaker and error micropbone would be
placed inside the car. The purpose of the loudspeaker is to cancel noise inside the car
(the noise is generated outside of the car). The error microphone picks up the resultant
signal and it is the objective of the algorithm to minimize the resultant signal. However,
since the loudspeaker and error microphone are physically distinct, there is a transfer
function between the two and the actual error at the loudspeaker is modified before it is
picked up by the error microphone. An estimate of this transfer function must also be
applied to the input, in accordance with the derivation of {13}. The performance of the
filtered-X LMS algorithm depends upon the accuracy of the estimate of the cancellation
path transfer function, as investigated in [26, 27].

A modification to the filtered-X LMS algo- el
rithm, called the filtered-E LMS algorithuis, has
been proposed in [28]. The filtered-E LMS al- 3o%=
gorithm calls for an additional filter F(z) to be o AoV Q~" Prome
added to the adaptive filtering set-up of Fig- L Caaa
ure 3.4, as shown in Figure 3.5. Two different Figure 3.3: Active noise cancellation

filters are used in place of F(z) in [28]. One Set-up.

mimics the response of the human ear to various frequencies and the other is a simple
bandpass filter. The frequency range of interest in [28] is from 0 to 1000 Hz. The pur-
pose of the filter F(z) is to weight the error in order to emphasize psychoacoustically

important frequencies. This is intended to make the algorithm perform better at these
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frequencies (achieve lower error at these frequencies). Several figures in [28] show that
the filtered-E LMS algorithm has achieved better noise cancellation than the filtered-X
LMS algorithm at frequencies emphasized by the weighting filter F'(z) at the expense
of less noise cancellation at frequencies de-emphasized by F(z). However, the unknown
system modelled in [28] is a simple low pass filter response and not a real noise cancel-
lation set-up. It is precisely this type of frequency weighting capability that is the goal
of this thesis and a variant of the filtered-E LMS algorithm, suitable for acoustic echo

cancellation, will be described in the next section.

Structuralfacoustic system
Pz}
din)
Noise source / ) .
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Figure 3.4: Active noise control system using the filtered-X LMS algorithm.
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Figure 3.5: Active noisc control system using the filtered-E LMS algorithm.
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3.2 Filtered-E LMS Acoustic Echo Canceller

In an acoustic echo cancellation application, din)
there is no fixed filter H(z) which forms a nec- /

_ +
essary part of the error path of the adaptive fil- xtn} wiz) oy
tering set-up, as there was for the active noise ; e
control application discussed above (see Fig- F2) F2)
ure 3.4). Thus the resultant filtered-E LMS L s |

.'j_{n) Algorithm ej]n)
adaptive filtering set-up, shown in Figure 3.6,

Figure 3.6: Structure of the filtered-E
LMS adaptive filter.

is essentially identical to the structure of Fig-
ure 3.5, except that there is no cancellation
path transfer function H(z). The filter F(z) takes the same role in both algorithms.
The frequency response of F(z} will reflect the relative importance of frequencies from
a psychoacoustic point of view. Similar structures (such as the coupled LMS structure
of [21]) have come to be known as filtered-X LMS structures in the adaptive signal pro-
cessing literature though this is a misleading moniker due to the fact that the filtered-X
LMS algorithm is a necessary structure in active noise cancellation due to the cancel-
lation path transfer function. In reality, the filtered-X LMS algorithm in active noise
control is the counterpart of the LMS algorithm in acoustic echo cancellation. If one
used the simple LMS algorithm in active noise control, one would essentially be using
the wrong error to update the adaptive filter. No such paralle! exists in acoustic echo
cancellation. In this thesis, the term “filtered-E LMS” will be used to describe the LMS
algorithm with additionzal update path weighting filters.

A derivation of the weight vector update equation needed for the filtered-E LMS
algorithm is now presented. In the conventional LMS algorithm the objective function

to be minimized is the squared error:

-~

Jeus(n) = €¥(n). (3.1)

In the FELMS case a weighted error must be minimized so the objective function be-

L4
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comes:

JreLss(n) = (Fle(n)])? (3:2)
where FJ|-] is used to represent a transform or filtering operation on the sequence e(n).
For a gradient adaptive filtering algorithm such as the LMS or FELMS algorithm, the
weight vector update can be expressed in a general form as:

g 8J(n)

Wn+1)=W(n)+ 2 W ()"

(3-3)

In Equation 3.3, % is an estimate of the gradient of the objective function. The
step size factor /2 controls the rate at which the adaptive filter searches the objective
function surface in its attempt to reach the bottom where the objective function will be
minimized. The factor 2 in the step size is chosen merely for convenience. The gradient
estimate for the new objective function Jrgrars(n) is

AJreLms(n) 2

= 2Fle(n)} g Fletnll

The order of evaluation of the derivative and the transform above can be reversed since
both are linear operators, giving

—ajggngrf)(“) = 2F[e(n)]F[aTa(n—)-e(n)]

= 2F(e(n)] Pl (n) = y(m)]
= —2Fle(m]Flzpgrs W (WX ()]
= —2F[e(n)]F[X(n})].
The elements of X(n) were given in Equation 2.2. Further defining
er(n) = Fle(n)] (39)
zdn) = Fla(n)], (3.5)
the ﬁltefed—E LMS weight vector update equation can then be expressed as:

Wi(n+1) = W(n) + ues(n)Xs(n) . (3.6)
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where
Xin)=[zfn) zy(n-1) --- zp(n—L+1) )7 (3.7)
The above algorithm is 2 fixed step size filtered-E LMS algorithm. These results can
easily be extended to create the normalized filtered-E LMS algorithm (NFELMS) which
has the following weight vector update equation:
W(n+1)=W(a) + m—ae H(n)X(n) (3.8)

where [|X(n)|| is the Euclidean norm of the vector Xy(n), defined in 2 manner analogous

NLMS algorithm were stated as 0 < p < 2. Experimental results to be presented in
Section 3.5 will show that the same step size bounds do not apply to the filtered-E LMS
algorithm. In fact, the filtered-E LMS algorithm tends to have a tighter bound on step
sizes than the LMS algorithm. A theoretical bound on step size for the filtered-X LMS
algorithm is derived in |27}, and given by:

9

mENtr(A) + 2Amaz) SMGL A2

O<u< (3.9)

where m{®? is the joint fourth order moment of the input process, A is the input au-
tocorrelation matrix, Ame. is the largest eigenvalue of the input autocorrelation matrix,
and h; are the coefficients of the cancellation path transfer function H(z) (as in Fig-
ure 3.4). Since the filtered-E LMS algorithm is virtually identical in structure to the
filtered-X LMS algorithm, Equation 3.9 can also be used to predict the step size lim-
its of the filtered-E LMS algorithm. The step size bound on the fixed step size LMS
algorithm, in a similar form (from [13]), is given by:

O<pu< 2 (3.10)

Amaz

where Amq- is again the largest eigenvalue of the input autocorrelation matrix. What is
evident from Equations 3.9 and 3.10 is that the step size of the filtered-X (and thus the
filtered-E) LMS algorithm has several additional factors which may influence its step

size bound.
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The filter F(z) in Figure 3.6 in effect causes a delav in the update path of the
adaptive filter. Such delays in the update path can cause stability problems {16, 23].
Thus, it is desirable to use weighting filters with short delays in order to minimize the
effects of delaved updates. In addition to stability problems, the delaved updates may
harm the convergence and tracking performance of the adaptive filter [16].

The filtered-E LMS algorithm is expected to achieve better echo cancellation than
the LMS algorithm at frequencies emphasized by the weighting filter F(z). The filter
F(z) will create an error signal in which psychoacoustically important frequencies are
dominant. Thus the weight vector updates of the filtered-E LMS algorithm are expected
to focus on these important frequencies. The resultant echo is expected to be less
disturbing to the human ear than the echo produced by the LMS algorithm since echo

will be concentrated in less audible frequencies.

3.3 Choice of Weighting Filter

In this section the choice of the weighting filter F'(z) in Figure 3.6 is discussed. The
filter F'(z) is to be chosen to emphasize frequencies of interest and de-emphasize other
frequencies. The frequencies of interest are chosen according to the application at hand.
For acoustic echo cancellation, the final echo signal is evaluated by the human ear and
thus frequencies to which the ear is sensitive should be emphasized (to achieve better
echo cancellation at these frequencies) and frequencies to which the ear is less sensitive
should be de-emphasized. The levels of emphasis for the various frequencies should
be chosen in accordance with empirically determined hearing sensitivity curves for the
human ear. Since the application of interest is a.cm_xstic echo cancellation for hands-free
telephones, the frequency range of interest is from 0 Hz to 4 kHz. One such curve is the
“C-message” frequency weighting curve, shown in Figure 3.7. This curve is the result
of extensive stening tests with a variety of talkers and listeners. This curve shows the
seﬁsitiﬁt;.‘ of the human ear to noise at specific frequencies. For instance, the curve

shows that a noise signal at 200 Hz is 25 dB less disturbing than a similar signal at

-
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1 kHz. Note that the C-message weighting curve is a combination of a typical telephone
set frequency response with the low frequency response of the human ear [2]. This means
that the signal to which the test subjects listened was plaved through tclephone sets

ard thus these signals were modified by the transfer function of the telephone set.
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Figure 3.7: C-message frequency weighting response. (Figure A-1 from [30].)

In order to make use of the C-message frequency weighting curve as the weighting
filter, a filter F'(z) which has a frequency response which matches or attempts to match
the C-message weighting curve must be constructed. A 17 tap linear phase FIR filter
designed using the multiband FIR design program fir2 in Matlab is used. The time
response and frequency response of the designed filter are shown in Figures 3.8 and 3.9,
respectively. The frequency response of the filter F(z) does not match the C-message
weighting curve exactly. Note that the gain of the C-message approximating filter has
been boosted to give the filter a gain of one for white inputs. In particular it does not
fall off as quickly for low frequencies. Ore could make up for this somewhat by using a
longer fiiter F'(z) but a longer filter is avoided here since longer filters produce a tighter
bound on the step size for the FELMS algorithm, as discussed in Section 3.5.
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The filtered-E LMS algorithm, as de- !
scribed above, hias been used in a line
echo cancellation application [29]. Some
promising results in terms of frequency
dependent performance of the filtered-
E LMS algorithm were reported in this
case, The filtered-E LAIS algorithm will

be evaluated using both weighting fil- _,
[+]

3 . s 8 6 = e 6
ters F(1)(z) and F®)(z) (given in Equa- e

Figure 3.8: Time response of 17 tap C-
tion 3.11). As well, the use of the filtered- st =P P

message approximation filter.
E LMS algorithm will be considered in ge app
both line echo cancellation and acoustic echo cancellation applications.

In [29], the weighting filter used was a simple, two tap, high pass filter given by:

(3.11)
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Figure 3.9: Frequency response of 17 Figure 3.10: Frequency response of 2

tap C-message approximation filter. tap high pass weighting filter.



3.4 Frequency Performance of Filtered-E LMS 53

3.4 Frequency Performance of Filtered-E LMS

In this section, the performance of the filtered-E L)IS algorithm with white noise
as input is examined in terms of the error spectrum after convergence. It was initially
expected that where the weighting filter weighted the error heavily, better echo cancella-
tion would be obtained than previously with a simple LMS algorithm. Consistent with
this; the performance of the FELMS algorithm was expected to suffer, in comparison
with the LMS algorithm, at frequencies where the error was de-emphasized.

In Figures 3.11, 3.12 and 3.13 error spectra after convergence for both the FELAS
algorithm and the LS algorithm are displayed. The adaptive filters of both algorithms
were 300 taps long for the speakerphone-room modelling cases and 32 taps long for the
hybrid modelling case. The unknown response was WBNI3 in Figures 3.11 and 3.12
and hybridl in Figure 3.13. The LMS algorithm is of course the benchmark against
which the performance of the FELMS algorithm will be compared. These three figures
consider the performance of the FELMS algorithm for the two weighting filters FtV(z)
and F®)(z) discussed above and for a room response and a hybrid response. Step sizes
were chosen for both algorithms so that the FXLMS and LMS algorithms l;ad the same
steady state MSE after convergence. For the speakerphone-room modelling cases. '*
algorithms converged to the same MSE when the step sizes were equal. Ip the hybrid
modelling case, the FELMS algorithm needed a step size of 7.0 - 10~ to converge to
the same MSE as the LMS algorithm with a step size of 1.0- 1072, When modelling
response hybridl, the LMS adaptive filter was allowed to adapt for 10000 iterations and
the FELMS for 30000 iterations. When modelling response WBN12 and mc30383, LMS
was allowed to adapt for 10000 iterations and FELMS for 50000 iterations.

Note that in the case of the room response WBN13, the frequency weighting per-
formed on the adaptive filter error has failed to give a significant frequency weighting to
the final error spectrum. In the case of the hybrid however, a very significant weighting
has taken place. Figures 3.14 shows the error spectrum when room WBi¥138 from Fig-

ure 3.11 is replaced with room mc3033. Note that room WBNI12 has a more lowpass
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Figure 3.11: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F{"{z). Unknown system: WBN13. Input: white noise of
variance 1.0. Parameters: p = 5.0-107%, L = 300 (both algorithms).
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Figure 3.12: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(z). Unknown system: WBN13. Input: white noise of
variance 1.0. Parameters: p = 5.0-107, L = 300 (both algorithms).
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Figure 3.13: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F{®(z). Unknown system: hybridl. Input: white noise of
variance 1.0. Parameters: g = 1.0-107* (LMS) and g = 7.0- 10~ (FELMS), L = 32
(both algorithms).
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frequency response characteristic than room me3033. In this case as well, the FELMS
algorithm fails to provide any frequency weighting of the error. The offect of the fre-
quency response characteristics of the unknown system will surface in the discussions of

Sections 3.7 and 3.8.

3.5 Convergence of Filtered-E LMS

In Section 3.4, the FELMS algorithm was unable to effect any significant frequency
weighting to the error spectrum in the case of the speakerphone-room responses. If the
convergence speed of the FELMIS algorithm relative to the LMS algorithm is éxamined.
it can be seen that the effect of the frequency weighting filter F(z) has been to slow the
convergence of the weight vector for de-emphasized frequencies and speed up convergence
for emphasized frequencies. Of course, since there is still a bound on the maximum step
size, the convergence cannot be sped up significantly for any frequency and thus the
main effect of the FXLMS algorithm is to harm the convergence of the weight vector
for de-emphasized frequencies while having litt's effect elsewhere.

In'r:wrde: to examine the rate of convergence for the filtered-E LMS algorithm, relative
to the LMS algorithm, it is useful to examine the rate of convergence in specific frequency
bands. This can be done by fltering the error signal by a bandpass filter, as illustrated in
Figure 3.15. By appropriate selection of the filter B(z), any frequency range of interest
in the error e(n) can be isolated to give the signal ey(n). The error signal of the LMS
algorithm can be filtered in an aralogous manner. Below, the rates of convergence for
both the FELMS and the LMS algorithms are considered in various frequency ranges
utilizing the method described here. Note that step sizes are again chosen so that the
FELMS and LMS algorithms reach the same steady state MSE (fullband MSE that is).

The slowed convergence of the FELMS algorithm for de-cmphasized frequencies is
demonstrated in Figuﬁs 3.16 to 3.19 for the case of modelling speakerphone-room me3033
with a C-message frequency weighting filter. In Figures 3.16 and 3.18, the -coni'e:gence
of frequencies in the range of 0 Hz to 500 Hz is considered for the LMS and FELMS
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Figure 3.14: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(z). Unknown system: mc303%. Input: white noise of
variance 1.0. Parameters: u = 4.0-107, L = 300 (both algorithms). '
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Figure 3.15: Filtered-E LMS structure to examine specific error frequencies.

algorithms, respectively. Note that this corresponds to a heavily attenuated region in
the C-message frequency weighting curve. Figurés 3.17 and 3.19 show the convergence
of frequencies in the range of 1 kHz to 1.5 kHz. This region passes through the C-
message approximate weighting filter F(1)(z) with a gain of slightly less than 1.5 (s
Figure 3.9). Note from Figures 3.16 and 3.17 that the rate of convergence of the error
for the LMS algorithm is identical for the two frequency ranges with the aéiaptive filter
taking approximately 5000 iterations to converge. From Figures 3.18 and 3.19 it can be
seen that this is not at all the case when the FELMS algorithm is used with a C-message
approximate weighting filter. The convergence is much slower for frequencies in the 0 Hz
to 500Hz range, corresponding to the de-emphasized frequencies. It can be seen from
Figure 3.18 that the filtered-E LMS adaptive filter takes approximately 20000 iterations
to converge (note the longer time scale used in Figure 3.18). The 1 - 1.5 kHz frequency
region of the filtered-E LMS algorithm, on the other hand, has converged very quickly
to its optimum solution, taking about 3000 iterations. This makes sense since it can
be seen from Figure 3.9 that this region of the adaptive filter frequency respohse is
amplified by approximately 1.5.

In Figure 3.13 it was seen that in the line echo cancellation application, the fltered-
E LMS algorithm achieved a desirable frequency weighting of the error compared to
the LMS algorithm. However, the convergence of the algorithm is still affected in the
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Figure 3.16: Convergence of the LMS adaptive filter for the frequency range 0 - 500 Hz.
Unknown system: room mc3033. Input: white noise of variance 1.0. Parameters:
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Unknown system: room me8033. Input: white noise of variance 1.0. Parameters:
@ =2>5.0-10"%, L =300.



3.5 Convergence of Filtered-E LMS 61

Mogni tude
0.015  0.020 0.025

0.0t0

0.005

0.060

3 ; ; 1 T 1
°- T reratiam ¢n3 Tc10a3Y
Figure 3.18: Convergence of the filtered-E LMS adaptive filter for the frequency range
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Figure 3.19: Convergence of the filtered-E LMS adaptive filter for the frequency range
1 - 1.5 kHz. FELMS weighting filter: F(})(z). Unknown system: room mc3033. Input:

white noise of variance 1.0. Parameters: g = 5.0-107%, L = 300.
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same manner as the room modelling case described above. Figures 3.20 to 3.23 show
convergence curves for the hybrid modelling case with the simple high pass weighting
filter. Since a different frequency weighting filter is being used the convergence is con-
sidered in different frequency regions than considered above in the room modelling case.
Figures 3.20 and 3.22 consider the convergence of the adaptive filters in the frequency
range of 0 to 0.5 kHz and Figures 3.21 and 3.23 show the convergence of the weighi
vectors in the frequency range 3.5 to 4 kHz. Again for the LMS algorithm, the con-
vergence is similar in the two frequency bands. Figures 3.20 and 3.21 show that both
frequency ranges converge in approximately 400 iterations. For the filtered-E LMS, the
convergence curve of Figure 3.23 shows that the filtered-E LMS algorithm converges as
fast or perhaps slightly faster than the LMS algorithm in the high frequency region.
This is not unexpected as the frequency response of the weighting filter F®(z) shows
an amplification of approximately 1.5 in the passband. Figure 3.22 shows significantly
slower convergence for the filtered-E LMS algorithm in the low frequency region with
convergence taking approximately 30000 iterations. Figure 3.10 shows that this region
is quite heavily attenuated; thus, the slow convergence is expected.

In terms of convergence, the bounds on the step size u for the FELMS algorithm
must also be discussed. Experimentally, it was found that-the FELMS algorithm sufferad
from a tighter bound on allowable step sizes than the LMS algorithm. Table 3.1 outlines
the experimentally determined maximum step sizes for the filtered-E LMS algorithms
in the simulations above. Note that the bound on step size for the LMS algorithm is
well known [13], and is given by

2

Urs = IEEM) (3.12)

In the case here the input is white noise of variance 1.0 so that E (z*(n)) = 1.0. The
theoretical filtered-E LMS step size bounds given in Table 3.1 were determined using
Equation 3.9 from {27].

There are two fairly obvious factors which influence the step size bounds for the
filtered-E LMS algorithm. These are: (1) the gain of the weighting filter F(z) and (2)
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Figure 3.20: Convergence of the LMS adaptive filter for the frequency range 0 -

500 Hz. Unknown system: hybridl. Input: white noise of variance 1.0. Parameters:
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Figure 3.21: Convergence of the LMS adaptive filter for the frequency range 3.5 -

4 kHz. Unknown system: room hkybridl. Input: white noise of variance 1.0. Parameters:

p=10-10"2, L = 32.
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Figure 3.22: Convergence of the filtered-E LMS adaptive filter for the frequency range
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Figure 3.23: Convergence of the filtered-E LMS adaptive filter for the frequency range
3.5 - 4 kHz. Unknown system: hybridl. Input: white noise of variance 1.0. p = 7.0-103,
L=32
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Unknown system | F(2) L HIAs HFELAMS | Berperimentat
hybrid? FA(z)1 32 1625-10°* | 1.9-10"2| 3.0-10
hybrid1 FN(z) | 32 |625-1072|1.9-10"2] 2.0-10"2
WBN13 F®(z) |300] 6.7-107% {22.1073 | 4.0-10-3
WBN13 FM(2) 1300 6.7-10"% {22.10"%| 3.5-1072
mc3033 FG2) {3500 6.7-107% | 22.107%! 3.8-1073
mc3033 F(z) | 500 | 6.7-107* | 2.2-107% | 3.5-1073

Table 3.1: Experimental step size bounds for the filtered-E LMS algorithm.

the delay of the filter F(z). The effect of the delay can be explained by referring to
the analysis of [16] where the delayed LMS (DLMS) algorithm is analyzed. The DLMS
algorithm is identical to the LMS algorithm save that weight vector updates are delayed.

The weight vector update for the DLMS and normalized DLMS (NDLMS) algorithms

can be expressed as

Win+1l) = W(n)+ pe(n — A)X(n - A) . (3.13)
- o ; iy ‘
W(n+1) = W(n)+ X =)+ O_e(n - A)X(n - A), (3.14)

respectively. The DLMS algorithm is really a special case of the filtered-E LMS algo-
rithm where the weighting filter F(z) is a simple delay, ie. F(z) = z~%. The analysis
in [16] shows that the effect of the delay factor A is to limit the range of step sizes u-
for which the algorithm is stable. In [16] the bound on step size for a given delay of A
can be found by determining the roots of a polynomial of order A + 1. No exact step
size bounds are calculated for the filtered-E LMS algorithm used here but the results
presented in |16} serve to back up the observations of Table 3.1.

The argument presented above; namely, that the DLMS algorithm is really a special
case of the filtered-E LMS algorithm, helps to provide some insight into the effect of
the length of F(z) on the step size bounds. As mentioned earlier, a detailed analysis
of the filtered-X LMS algorithm is presented in [27]. The step size bound calculated

in [27] was given earlier as Equation 3.9. This equation can be evaluated for the cases of
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interest here since white noise training signals were used throughout. For comparison,
the step size bound for the LMS algorithm is 6.7 - 10~3 for the room modelling case
and 6.25 - 1072 for the hybrid modelling case. To evaluate Equation 3.9. the fourth
order moment (m{?} is required. For a white noise process, this moment is given as
m(3) = 306" where o? is the variance. Since the variance is one for the simulations here,
the fourth order moment is then three. The weighting filters in this thesis were both
selected to satisfy X3! f2 = 1.0, where f; are the coefficients of the filters F (z). Thus,
the term involving #; in Equation 3.9 is one. The term ¢r(A) will be equal to L and the
eigenvalues of the autocorrelation matrix of a white noise process are all equal to one
(if the variance is one). Evaluating all of these terms gives the following bounds on step
size for the FELMS algorithm: 2.2- 10~ for the room modelling case and 1.9 - 10~2 for
the hybrid modelling case. The maximum step sizes for the filtered-E LMS algorithm,
as determined experimentally and giver in Table 3.1, turn out to be slightly greater
than the values predicted by Equation 3.9, but the values predicted by Equation 3.9 are
convincing in terms of tﬁe expectation that the filtered-E LMS algorithm will suffer from
tighter bounds on step size than the LMS algorithm, given the same adaptive filterine
parameters. The simulations of [28] also show slower convergence for the filtered-E LAS
algorithm than for the filtered-X LMS algorithm.

From Table 3.1 it can be seen that the C-message weighting filter restricts the step
size slightly more than 'the simple two tap high pass filter. This is due to the longer
length of the C-message filter. As for the gain of the frequency weighting filter note that
both the C-message weighting filter and the high pass weighting filter have a maximum
gain of approximately 1.4. So, effectively, for frequencies in the passband of these
filters the step size is increased by the factor of 1.4. Between this and the effect of the
weighting filter delay (note that both of the weighting filters used here are linear phase),
1t is natural for the filtered-E LMS algorithm to suffer from a tighter bound on step

sizes.
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3.6 Level of Undermodelling

Earlier, response hybrid! was modelled with an adaptive filter of length 32 taps.
The plant response was 100 taps long. Thus, the adaptive filter was undermodelling
the plant response by 66 taps. The level of undermodelling is dependent on the num-
ber of uninodelled taps as well as the energy content of those taps. Thus. two plant
responses undermodelled by the same number of taps may not have the same level of
undermodelling.

The filtered-E LMS algorithm was able to achieve significant frequency weighting
relative to the LMS algorithm when undermodelling plant response hybrid! with 32 taps.
The ability of the filtered-E LMS algorithm to effect frequency weighting on the final echo
relative to the LMS algorithm is dependent on undermodelling. In fact, undermodelling
the plant response is a necessary though not sufficient condition to achieve frequency
weighting of the echo spectrum via the FELMS algorithm. This section will demonstrate
the dependence of the weighting capabilities of the FELMS algorithm on the level of
undermodelling using simulations with response hybridl. ]

Figure 3.13 shows the FELMS and LMS echo spectra when hybrid! was modelled
using 32 tap adaptive filters. Note the significant frequency weighting obtained by the
FELMS algorithm. Figures 3.24 and 3.25 show FELMS and LMS echo spectra when
hybrid1 is modelled using adaptive filters of lengths 60 and 80, respectively. It is obvious
from these three figures that the frequency weighting achieved by FELMS relative to.
LMS decreases as the level of undermodelling decreases. In Figure 3.25 the FELMS
algorithm achieves very little weighting relative to the LMS algorithm.

In Figures 3.11, 3.12 and 3.14 the FELMS algorithm achieved virtually no weighting
of the echo spectrum relative to the LMS algorithm. Still the speakerphone-room re-
sponses were undermodelled significantly and thus, as stated above, undermodelling the
plant response is a necessary but not sufficient condition to achieve frequency weighting
via the FELMS algorithm. In fact, the performance of the FELMS algorithm is heavily
dependent on the nature of the plant response being modelled. This dependency on the



3.6 Level of Undermodeling 68

-3.0

.5

(dB) (10e1)
-4.8 =~4,0 =3

Echo magnl tude

~7.0 -6,/ ~-6.0 ~5.5% =~5,0

o 1000 2000 sco0 4000
Frequency (Hz)

LMS ~—— FELMS

Figure 3.24: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(z). Unknown system: hybridl. Input: white noise of
variance 1.0. Parameters: x = 8.0-10~3 (LMS) and g = 2.5-10~% (FELMS), L = 60
(both algorithms).
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Figure 3.25: Error spectra after convergence for the LMS and FELMS ﬂgoﬁthms.
FELMS weighting filter: F®)(z). Unknown system: hybridl. Input: white noise of
variance 1.0. Parameters: u = 3.0-10~3 (LMS) and z = 1.0-103 (F ELMS), L =80
(both algorithms).
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nature of the plant response will be investigated in the following sections.

3.7 Nature of Plant Response

It was scen above that the frequency weight-

ing capabilities of the FELMS depend on the
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Figure 3.26: Frequency response of
frequency responses of the two speakerphone- sur redquency resp

100 tap lowpass filter with cut-off at

3500 Hz.
quite random and these frequency responses are ° ‘

room responses (Figures A.2 and A.5) are

nearly always in transition, are never smooth, and resemble some sort of coloured noise
sequence spectrum. Results in this section are reproduced based on the work of Mayyas
and Aboulnasr {80]. To illustrate the effect of the nature of the plant frequency response
on FELMS performance relative to LMS performance, simulations with a lowpass filter
as plant response are considered. A lowpass filter has both 2 smooth, non-varying fre-
quency response (in its passband) and a response with a sharp transition region (around
the frequency éut-off).

Figure 3.26 shows the frequency response of the lowpass filter to be modelled. This
filter is a 100 iap. linear-phase filter designed using the firl program in Matlab. The
adaptive filters are given 66 taps so that there is significant undermodelling and the
FELMS algorithm will have a chance to weight the output. The FELMS and LMS algo-
rithms are used with equal step sizes so that the final errors of the FELMS and LMS will
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not necessarily be the same. Both algorithms were allowed to run for 20000 iterations
with the spectra being computed over the last 3000 iterations using 256 pt. DFT's aver-
aged over those last 3000 iterations (a program implemented with the Khoros simulation
system).

Averaged echo spectra for the LMS and FELMS (with three ditferent weighting fil-
ters) are shown in Figures 3.27 to 3.29. In Figure 3.27. weighting filter FO(2) is used
with the FELMS algorithm. resulting in some reduction of the echo for frequencies
emphasized by F{"(z). Note that weighting filter F'(z) (in Figure 3.9) attenuates
frequencies above 3 kHz which includes the transition band of the lowpass filter being
modelled. Figure 3.28 shows echo spectra for the LMS and FELMS algorithms with
weighting filter F(?(z). Here the FELMS algorithm does not improve the echo cancel-
lation at any frequency relative to LMS. The weighting filter F®(2) does not attenuate
the transition region of the lowpass filter at all. Finally Figure 3.29 shows the echo spec-
tra for the LMS and the FELMS algorithms with weighting filter F*©(z). Weighting

filter FG}z) is given by:
1

FO(2) = 7 + % -z7L . (3.15)
This weighting filter is the “mirror image™ of filter F®™(z) and its frequency response
can be easily discerned from the response of F(®(z) in Figure 3.10. In Figure 3.29,
the FELMS once again achieves better echo cancellation than the LMS for emphasized
frequencies. Note that, like Figure 3.27, the weighting filter attenuates the transition
band of the plant response (near 3500 Hz)

Figures 3.27 to 3.29 show that the ability of the FELMS to reduce the echo relative
to the LMS for emphasized frequencies depends upon what part of the frequency re-
sponse is emphasized and what part is de-emphasized. In particular, de-emphasizing a
frequency region with a steep transition provides for better echo cancellation elsewhere
whereas emphasizing the transition region does not provide any better cancellation for
the FELMS than the LMS. To relate these results to those with hybridl, WBN13 and
mc3033, note that response hybrid! has a fairly steep transition at low frequencies and

then falls off quite smoothly and fairly slowly. Since the weighting flter F12(z2) attenu- |
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Figure 3.27: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F()(z). Unknown system: 3500 Hz lowpass filter. Input:
white noise of variance 1.0. Parameters: z=1.0-10"3, L = 66 (both algorithms). -



3.7 Nature of Plant Response

: ' ! 1
l' "l. I
m v I
T 0
o ke - —e - -
| !
] “ i
£ e i s S —
1 N ' i
3 L : :
T | i
o i ! ; v
C T : : ' -
E 4 ;
L LA L
0 LALLN o —
£ WYY . s 2R
!ﬂ Loy ’\g NS, "i‘% In) !\,I:\ A=, , ~
g 7
| !
f AM;IMMwﬁJ“/ \ .
T L
i j i
2 ! : H
' ] 1 |
=] 1000 2000 3000 4000

Frequency (Hz)

LMS

—— FELMS

Figure 3.28: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F(®(z). Unknown system: 3500 Hz lowpass filter. Input:
white noise of variance 1.0. Parameters: g = 1.0-1073, L = 66 (both algorithms).
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Figure 3.29: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(2). Unknown system: 3500 Hz lowpass filter. Input:
white noise of variance 1.0. Parameters: z = 1.0-10-3, L = 66 (both algorithms).
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Figure 3.30: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®)(z). Unknown system: Aybridl. Input: white noise of

variance 1.0. Parameters: = 8.0-1073, L = 32 (both algorithms).
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ates the transition region, better echo cancellation at higher frequencies is obtained by
FELMS over LMS. If one were to try the opposite weighting (F™(z)). FELMS would
be unable to achieve better echo cancellation at emphasized frequencies than LS. This
is tllustrated in Figure 3.30 where weighting filter F®(z) is used with Aybridi. Here.
weighting filter F©®)(z) tries to filter out the smooth part of the response in order to pro-
vide better cancellation in the transition region but no better cancellation is achieved.
Responses WBN13 and mc3033 both exhibit responses which are never smooth. There
are no smooth regions of the response where better cancellation could be obtained by
emphasizing that region. .‘

To illustrate the effect of a plant response
which is not smooth, FELMS and LMS are used

10

to'model a “white noise” plant response, shown

in Figure 3.31. The white noise process of Fig-
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1.0, and will be modelled using adaptive filters
66 taps long. F.igures 3.32 to 3.34 show echo
spectra for FELMS and LMS where weight-
ing filters F(V(z), FP)(2) and F©(z) are used ® T ; !
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with the FELMS, respectively. Note that the

: Figure 3.31: Frequency response of
FELAMIS achieves no better echo cancellation for gur *d ) P

any frequency region than LMS for any of the white noise plant.
weighting filters. The white noise plant response of course contains no smooth frequency
regions. '

Having discussed the relationship between FELMS performance and plant response
some comment can now be made about the results in [28]. Although it is claimed in [28)
that the FELMS can achieve better noise cancellation at emphasized frequeacies than
FXLMS, results are only given for the case where the plant response is a simple lowpass
filter with a cut-off frequency of 950 Hz. The sampling rate used in [28] is 2 kHz so

that the lowpass filter has a transition band near half the sampling rate, just as the
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Figure 3.32: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F()(z). Unknown system: white noise plant. Input: white

noise of variance 1.0. Parameters: ¢ =1.0-1073, L = 66 {both algorithms).
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Figure 3.33: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(z). Unknown system: white noise plant. Input: white
noise of variance 1.0. Parameters: p =1.0-1073, L = 66 (both algorithms).
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Figure 3.34: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F®(z). Unknown system: white noise plant. Input: white
noise of variance 1.0. Parameters: p =1.0-1073, L = 66 (both algorithms). '
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3500 Hz filter used in the simulations above is. The simulations above showed that the
FELMIS could only achieve better performance when the weighting filter de-emphasized
the trapsition region. This is exactly what is done in [28]. The two weighting fitters used
in [28] both attenuate the transition region of the lowpass filter being modelled. resulting
in improved noise cancellation at emphasized frequencies clsewhere. Although one of
the early paragraphs in [28] claims that results for a real acoustic noise cancellation case
will be presented. this promise is not fulfilled.

Figures 3.35 and 3.35 show the frequency responses of the FELMS and LMS weight
vectors (after 20000 iterations) and the lowpass plant response of Figure 3.26 for fre-
quency regions 0 to 3000 Hz and 3000 to 4000 Hz, respectively. The FELAMIS sweight
vector shown corresponds to the simulation with weighting filter F*®(z) (lowpass weight-
ing). By using a weighting filter which attenuates the transition band, the FELMS
weight vector no longer needs to fit as closely to the difficult part of the frequency
response curve (the transition band). Thus, since the rest of the frequency response
curve of the lowpass filter is easy to model, the FELMS algorithm can fit the frequency
response better there. The LMS algorithm spends more effort fitting the curve near the
transition band and the fit of the LAIS curve to the plant response elsewhere suffers.
Cousider the situation when weighting filter F®(z) is used. The plant frequency re-
spouse remains just as hard to model as originally, since the steep transition (hard to fit
a curve to) is still there. Figures 3.37 and 3.38 illustrate this situation. Note here that
performance has worsened at de-emphasized frequencies but essentially the FELMS can
still not fit the curve of the plant response in the transition region any better than the
LMS algorithm.

To further show that FELMS performance is dependent on the plant response be-
ing modelled, the hybridl response is altered by removing its unmodelled tail (taps 33
to 100) and replacing these with taps 1133 to 1200 of speake_rpboue-mdm response
mc3033. The new response is shown in Figure 3.39 with coz;svonding frequency re-
sponse in Figure 3.40. Error spectra for LMS and FELMS are sho;-Ln in Figure 3.41.
Now, the FELMS does not achieve better echo cancellation at the weighted frequencies.
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Figure 3.10 shows that although the new frequency response retains a similar shape to
the orginal hvbrid of Figure A.8. it is not nearly as smooth and has lost some of its
dominant lew frequency content. Thus. there is more information at all frequencies of

the plant response and the response is no lornger smooth.
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Figure 3.39: Time response of altered Figure 3.40: Frequency response of al-
hybrid! response. tered hybridl response.

Next, speakerphone-room response mc3033 was altered by truncating taps 301 to 1200
and then adding the tail of Aybrid? (taps 33 to 100) to it 1o form a new 368 tap response.
Figures 3.42 and 3.43 show the time domain response and frequency response of the new
plant response, respectively. Now, with the new tail, the FELMS algorithm can achieve
better echo cancellation at emphasized frequencies than the LMS algorithm as shown
in Figure 3.44. In this case, Figure 3.43 does not show a smooth part. However, the
tail response tacked on is indeed smooth and just does not have great enough amplitude
to be seen over the frequency comporents of mc3038 which fall in the first 300 taps.
Note here that the gains achieved by the FELMS over the LMS are smaller than they
were when the original Aybrid! was modelled. This is quite understandable as now the
undermodelling is at a significantly lower level. With hybridl, the unmodelled taps rep-
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resented about 68 % of the total length of the plant response whereas here thev ornly

represent about 19 % of the total length of the plant response.
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3.8 Filtered-E LMS Weight Vector Misadjustment -

The deperndency of FELMS performance on the combination of the nature of the
plant response and the weighting filter can be examined from another perspective. In
this section, the weight vector misadjustment of both the LMS and FELMES algorithms
will be examined. This will provide some insight into the operation of the filtered-E
LMS algorithm and help explain why it works as it does in the line echo cancellation
stmulations and not in the acoustic echo cancellation simulations.

This section will show that the weighting filter F'(z) of the filtered-E LMS algorithm
has a significant effect on weight vector misadjustment. This is one reason that. the
filtered-E LMIS algorithm was able to shape the error spectrum in the desired manrer
for the hybrid modelling case of Figure 3.13. The misadjustment of the weight vector is

infiuenced by the nature of the unknown system and hybrid! has a very low frequency
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tail, as seen in Figure A.7. The filtered-E LMS algorithm, using the hizh pass weighting
filter F'®(z), was able to filter out most of the misadjustment, resulting in lower error at
most {requencies. This effect did not occur for the room response modelling cases sicce
the frequency responses of rooms WBN12 and mc3032 do not have any predominant
frequency components in their tails.

In general, the length of the weight vector L chosen to model sonie nuknown system
will not be as long as the actual length of the unknown syvstem. The nature of the
acoustic echo cancellation problem was already described in Chapter 2. Room responses
are indeed very long. as depicted in Figures A.1 and A .4 of Appendix A. For a typical
commercial acoustic echo canceller, an adaptive filter of perhaps 300 or 400 taps might be
used to model the speakerphone-room response. Most of the power in the speakerphone-
room response will be contained in the initial reverberation allowing the adaptive filter
to provide significant cancellation, vet the tail of the room response dies out slowly and
the room response is effectively being severely undermodelled. In the case of line echo
cancellation one can again expect to undermodel the hybrid response significantly. In
the hybrid modelling simulations presented thus far, a 32 tap adaptive filter has been
used to model the hybrid response (which is truncated at 100 taps).

Consider the error in estimation caused by the samples of the unknown system which
cannot be modelléd by the FIR weight vector. Little is said of the nature of this error
other than that the misadjustment of the weight vector is inversely proportional to the
weight vector length [13]. This means that the more some system is undermodelled, the
more the weight vector tends to oscillate about its optimum solution.

In order to examine the misadjustment of the weight vector for the filtered-E LMS
algorithm (and the LMS algorithm), a measure of misadjustment is required. To do
this, one can use a measure of the distance (in a geometric sense) of the current weight
vector W(n} from the optimum weight vector W*. This measure is known as the
weight vector misadjustment (mis(n)) and is a function of the sampling instant n. It is

calculated according to the following equation:

mis(n) = (JW — W(n)|))? (318
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where the coefficients of W,

WPt = % . P, i (3.17)
are determined as follows:
wP = hy(i). for i=0.1,---.L—1. (3.18)

Note that hy(i) are the coefficients of the unknown system response. It is a fact of
mean square analysis that the lowest MSE is achieved for an L tap weight vector W
when those L taps match the first L taps of the unknown response Ay(f) cxactly [13).
Appendix C shows that Equation 3.18 corresponds to the Wiener solution and is thus
the optimum weight vector in a mean square error sense.

The error caused by the undermodelling of the unknown system is highly dependent
on the nature of the unknown system. Later in this section it will be shown that in
the case of the hybrid, the part of the hybrid response that is not modelled has a
predominantly low frequency response. Thus the hybrid response has a low frequency
tail which is not being modelled at all by the adaptive filter. The coefficients of the tail
are still an integral part of the desired response d(n) and will; therefore, also show up in
the error e(n). Since the adaptive filter has no hope of modelling these tail coefﬁcienﬁs,
the component of e(n) caused by the tail coefficients becomes a noise which will cause
some modelling error in the weight vector. This modelling eiror shows up as reduced
echo cancellation compared to the echo cancellation that could be expected if the weight
vector converged to the Wiener solution. Applving the filtered-E LMS algorithm to the
bybrid modelling case significantly reduces the undermodelling error since the weighting
filter effectively filters out most of the tail residual power. This shows up as significantly
less misadjustment and thus better echo cancellation. Such misadjustment reduction
was not realized in the room modelling cases because the room responses do not have
a predominant low frequency tail. Thus the success of the filtered-E LMS algorithm in
the line echo cancellation application is really partially due to the nature of the hybrid
response hybridl.
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Figure 3.45: Misadjustment in the LMS trained weight vector. Unknown response:
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Figure 3.46: Misadjustment in the filtered-E LMS trained weight vector. Unknown

response: hybridl. Weighting filter F)(z). Input: white noise of variance 1.0. Param-
eters: u=7.0-10"3, L = 32.
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Figure 3.45 plots the misadjustment of the LMS trained adaptive filter, as defined
above, 1or the hybrid modelling case and Figure 3.47 is the misadjustment for the room
modelling case. In the case of the hybrid. the simple high pass weighting filter consid-
ered heavily attenuates the low frequency component of the error. This significantly
alters the frequency content of the error since the hybrid has such a dominant low fre-
quency response characteristic. Consider Figures 3.49 and 3.50 which show spectra of
the modelled and unmodelled parts of the hvbrid response of Figure A.7. The weight
vector misadjustment, as defined in Equation 3.16 is significantly reduced for the FELAIS
trained weight vector when compared with the LMS trained weight vector as shown in
Figure 3.46. However, for the speakerphone-room respouses, which do not have such
a predominant low frequency tail response (see Figures 3.51 and 3.52). the frequency
weighting filter does not have as big an impact on the weight vector misadjustment, as

shown in Figure 3.48.
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Figure 3.47: Misadjustment in the LMS trained weight vector. Unknown response:
mc3083 Input: white noise of variance 1.0. Parameters: g = 5.0-10~%, L = 300.

Note that the misadjustment for the LMS trained weight vector in the hybrid mod-
elling case {Figure 3.45) is very erratic (it has a lot of higher frequency error). After the
application of the high pass weighting filter, F(?)(z), the misadjustment becomes very
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response: mc3033. Weighting filter: F(V(z). Input: white noise of variance 1.0. Pa-
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smooth and there is little “high frequency” misadjustment error. This confers with the
error spectrum plot, Figure 3.13, which shows that there is much less higher frequency
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Figure 3.49: Frequency response of Figure 3.50: Frequency response of un-

modelled part of hybrid! response. modelled part of hybridl response.

error with the FELMS algorithm than with the LMS algorithm. In the speakerphone-

room response modelling case, it can be seen that the misadjustment is not so erratic in
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the first place (Figure 3.47). The weighting filter cannot have such a big effect in this
case and indeed that is what was found (Figures 3.47 and 3.48).
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Figure 3.51: Frequency response of Figure 3.52: Frequency response of un-
modelled part of WBN13 response. modelled part of WBN13 response.

Thus, one can conclude that two of the main effects of the filtered-E LMS algorithm
on adaptive filter performance relative to the LMS algorithm are:

1. Frequency dependent convergence rate.
2. Filtering of the undermodelling error.

These effects occur simultaneously and cannot really be separated. It can be seen most
easily in the case of the hybrid modelling application how the weighting filter worked to
filter out the undermodelling error, but the effect of frequency dependent convergence
was also evident as slower convergence of the weight vector for low frequencies as in
Figure 3.20. Perhaps the misadjustment argument can be understood more clearly by
referring to Figure 3.53. In Figure 3.53, the plant response has been split into two
parts: the modelled part (P,(z)) and the unmodelled part (P,(z)). The modelled part
is of course the same length as the adaptive filter weight vector W (2). W(z) is capable
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of perfectly matching the modelled part of the plant P,,(z) (when trained with white
noise) except for the misadjustment which is directly proportional to the step size and
the level of undermodelling [13]. Note that the unmodelled part of the plant response
can be viewed as an injected noise r(n) into the adaptive filter error path where r(n)
represents the convolution of the input z(n) and the unmodelled plant transfer function
P,(z). With the filtered-E LMS algorithm, this injected noise is filtered by the weighting
flter F(z). Thus, if the noise 7(n) is predominantly of a frequency attenuated by the
weighting flter (as it is in the hybrid modelling case) the amount of noise injected
into the adaptive filter error path will be less and the weight vector will thus have
less misadjustment. On the other hand, if the injected noise r(n) is not significantly
attenuated by the weighting filter F'(z) ther misadjustment levels will be much the same
for both the LMS and the FELMS algorithms,

xn}

x{n) -

Figure 3.53: Unmodelled plant response “noise” in error path.

3.9 Steady State Performance of Filtered-E LMS

Some further insight into the filtered-E LMS adaptive filter performance can be
gained by considering its steady state performance. Assume that the weight vector of
Figure 3.6 has converged to the optimum solution as given by Equation 3.18 and that
the step size 4 is extremely small. The filter blocks of Figure 3.6 can be approximately
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considered as linear time invariant blocks and thus they are commatabie. The blocks can
be re-arranged to produce an equivalent “steady state” filtered-E LMS adaptive filter
structure as in Figure 3.54. What is shown in Figure 3.54 is simply an LMS adaptive
filter with a coloured input x;(r). If the colouring filter F(z) is not too severe (there is
sufficient energy content at all frequencies) then the weight vector should converge to the
Wiener solution as given by Equation C.2. In other words the filtered-E LMS algorithm
cannot be expected to change the optimum weight vector to which the adaptive filter

tries to converge.

Since the optimum weight vector is the same A
for both the LMS and the filtered-E LMS algo- e .
rithm, the only factors over which the filtered-E ™" F2 Wi _\,/T,"@b
LMS algorithm can exert some control are the (
rate of convergence and the weight vector mis- V2 O ™
adjustment. These facets of the adaptive filter Algorthn |

performance have already beenr discussed and Figure 3.54: Equivalent filtered-E
their behaviour under the filtered-E LMS algo- LMS adaptive filter structure for
rithm was uncovered. It was seen that given an steady-state.

unknown system with an unmodelled tail response with a dominant frequency charac-
teristic, the filtered-E LMS algorithm could significantly reduce weight vector misad-
justment, resulting in a frequency weighted echo spectrum.

As mentioned earlier, the filtered-X LMS structure has already been applied to the
acoustic echo cancellation application, albeit with slightly different goals. In [21] the
filtered-X LMS algorithm is used with an adaptive F(z). The purpose of the algorithm
presented in [21] is to speed up convergence of the weight vector for coloured inputs. The
analysis indicates that the weight vector will still converge to the same optimum weight
vector as the LMS algorithm. Another adaptive filtering structure with the same basic
block diagram as the filtered-E LMS structure is presented in [23]. Again the purpose
of the algorithm presented in [23] is to speed up convergence of the weight vector with
the expectation that the weight vector will reach the same optimum weight vector as in
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the LMS case.

3.10 Effective Plant Response Length

In Section 3.9 it was seen that the weighting filter F(z) effectively colours the input.
By colouring the input, one is effectively changing the plant response being modelled.
The question is: can this colouring process lead to less error in the effective band of
the coloured input? In the cases studied here, a white noise process is the input éo the
adaptive filter. Thus, the weighting filter acts to colour the white noise before filtering
by the plant response. In effect, the white noise is input to a new plant response which is
the convolution of the colouring (weighting) filter and the original plant response. When
the colouring filter is simply the impulse response (no colouring) the LMS algorithm
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Figure 3.55: hybrid! response. Figure 3.56: hybridl convolved with
FO(z).

is the result. Figures 3.55 and 3.56 show response hybrid! by itself and fltered by the
high pass weighting filter F®®)(z), respectively. It is evident that the weighting filter
F@®)(z) has effectively shortened the plant response significantly. This illustrated by the
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TIP/TP plots in Figure 3.57 showing that the TIP, TP for the weighted hybrid response
rises much quicker initiallv. The FELMS algorithm is able to achieve reduced in-band
echo (in-band sigrifying the band of the weighting filter) relative to the LMS algorithm
due to the effectively shorter plant response. Results in this section are reproduced
based on the work of Mayyas and Aboulnasr [S0].
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Figure 3.57: TIP/TP of weighted and unweighted hybrid!.

Response hybridl was effectively shortened considerably by the weighting filter. Fig-
ures 3.58 and 3.59 show the weighted and unweighted response of speakerphone-room
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response WBN13. Obviously, the weighting filter has done little to effectively shorten
the plant response. Thus the FELMS algorithm has to work just as hard as the LMS
algorithm and for the same number of taps cannot achieve a reduction of in-band echo.
Figure 3.60 shows the TIP/TP curves for WBN13. Note that these TIP/TP curves
fall virtually on top of each other for adaptive filter lengths up to 400 taps or so. For
longer adaptive filters it appears that some very small gains may be achieved in in-band
echo cancellation by the FELMS algorithm over the LMS algorithm. To illustrate this,
Figure 3.€1 shows echo spectra after convergence for the two algorithms. The adaptive
filter lengths of both algorithms are set to 900 taps. Step sizes were chosen so that the
two algorithms converged to the same steady state MSE. Note that this means choosing
a significantly lower step size for FELMS and hence the FELMS algorithr suffers from
very slow convergence. The in-band gains in echo cancellation of FELMS over LMS
are evident from Figure 3.61 but these gains are indeed very slight, as indicated by the
TIP/TP curves of 3.60. -
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Figure 3.58: WBN1$ response. Figure 3.59: WBNI13 convolved with

FX(z).
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In [28] several simulations with the filtered-E LMS algorithm were presented which
showed that FELMS was achieving the desired spectral shaping over the FXLMS algo-
rithm. However, it must be noted that the “unknown response” being modelled in [28]
was a simple lowpass filter and not a true acoustic environment. TlLe lowpass filter
modelled in [28] had a cut-off frequency of 950 Hz. The two weighting filters used
in [28] both applied attenuation to the frequency region near the cut-off frequency. By
attenuating the region of the lowpass unknown response near the cut-off frequency, the
effective response of the lowpass unknown response was considerably shortened. This
is due to the fact that for a lowpass filter, long filter lengths are needed to achieve a
sharp cut-off. The frequency information of the filter is concentrated near the cut-off
frequency and filtering out this region corresponds to reducing the information in the
original response. Figures 3.62 and 3.63 show the time responses of a lowpass filter of
100 taps with a cut-off frequency of 3500 Hz with and without a weighting filter, re-
spectively. The weighting filter used is a 2 tap lowpass filter F(®)(z) (described earlier).
Figure 3.64 shows the TIP/TP curve for the 100 tap lowpass filter and for the 100 tap
lowpass filter convolved with weighting filter F(3)(z).

The discussion in this section has focussed on the in-band effect of the FELMS al-
gorithm over the LMS algorithm. Here, in-band refers to the weighting filter F@(z)’s
band. Out of band frequency components of the echo have to be viewed differently since
the weighting filter is actually applied after the plant response has been excited at all fre-
quencies (for white noise inputs). Thus, all frequency comporents of the plant response
are present in the echo unless attenuated by the adaptive algorithm (Figure 3.6). Thus
frequencies which are attenuated heavily by the weighting filter do not really participate
in the adaptive filter updates but still show up in the final echo. This means that, ef-
fectively, out-of-band echo for the FELMS algorithm is basically at an uncancelled level
whereas in-band echo experiences cancellation dependent on the in-band effective plant

response length, as discussed in this section.
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Figure 3.61: Error spectra after convergence for the LMS and FELMS algorithms.
FELMS weighting filter: F{)(z). Unknown system: WBNIS. Input: white noise of
variance 1.0. Parameters: g = 1.5-107* (FELMS), z = 1.0-1072 (LMS), L = 900 (both
algorithms). ' |



3.11 Summary 103

L L )
T o7 -
2° 2°
5 F
£ £

it i

; 1 i ] I ] ; ¥ i 1 1 1 L

¢ *® :c;m. (:5 - o ® = .folm. (::) et

Figure 3.62: Lowpass filter response. Figure 3.63: Lowpass filter convolved

with FG)(z).

3.11 Summary

This chapter has investigated the feasibility of weighting the error in the frequency
domain in order to obtain better echo cancellation at psychoacoustically important
frequencies. The structure proposed for this task was the filtered-E LMS structure. The
filtered-E LMS aigorithm has been applied in the areas of active noise control and line
echo cancellation with promising results in terms of frequency weighting capabilities.
The structure of the fltered-E LMS algorithm was described and the weight vector
update equation was derived.

The choice of the filtered-E LMS weighting filter F(z) was described. The motivation
for the choice of this weighting filter was psychoacoustic principles. The chosen filter
should emphasize frequencies to which the human ear is sensitive and de-emphasize
frequencies to which the human ear is not very sensitive. The C-message frequency
weighting curve was proposed as a suitable curve for this task. The C-message curve

reflects the sensitivity of the human ear to sounds of frequencies in the range 0 to 5 kHz.
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The performance of the filtered-E LMS algorithm was examinea from several points
of reference: level of undermodelling, nature of the plant response, weight vector misad-
justment, rate of convergence and effective plant response length. The filtered-E LMS
algorithm was found to converge much more slowly than the LMS algorithm for fre-
quencies which are heavily attenuated by the weighting filter. Frequencies which were
emphasized by the weighting filter converged as fast or faster under the filtered-E LMS
algorithm as compared with the LMS algorithm. In effect, the filtered-E LMS algorithm
implements the LMS algorithm with a frequency dependent step size. The frequency
response of the weighting filter determines the step sizes for each of the frequencies.

The weighting filter of the filtered-E LMS algorithm was found to have a profound
effect on weight vector misadjustment in a line echo cancellation application. The
unknown response being modelled, Aybridl, had a very low frequency tail which died
out slowly and was not modelled by the relatively short adaptive filter. Thus, this
tail caused a lot of weight vector misadjustment, resulting in significantly greater echo
(especially at higher frequencies) for the LMS algorithm. The filtered-E LMS algorithm,
using a high pass weighting filter, effectively attenuated the tail echo power resulting in
less weight vector misadjustment and thus better performance at higher frequencies.

Unfortunately the filtered-E LMS structure did not provide any good results in the
acoustic echo cancellation simulations. The promising results obtained in the fields
of active noise control [28] and line echo cancellation [29] did not carry over to the
field of acoustic echo cancellation. The filtered-E LMS structure was unable to achieve
any frequency weighting of the error when the unknown system was one of the room
respouses WBN13 or mc3033.

The filtered-E LMS algorithm performed as expected, achieving better echo can-
cellation than the LMS algorithm at emphasized frequencies, when the plant response
was characterized by dominant frequency regions, as hybridl was and as a lowpass filter
such as modelled in [2§] was. By de-emphasizing the dominant frequency region, better
echo cancellation could be obtained at other frequencies. However, better performance

could not be achieved by emphasizing the dominant frequency region. In effect, by de-
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emphasizing the dominant frequency region. the plant response length was shortened
considerably, allowing the FELAILS algorithm to achieve better echo cancellation for em-
phasized frequencies. With the dominant frequency region de-emphasized, the FELMS
algorithm no longer had to try as hard to match the frequency characteristics of the
“hard-to-match” portion of the plant frequency response and could achieve better plant
frequency response matching at “easier-to-match” frequencies. In the cases of responses
WBN13 and mc3033 there were no “easier-to-match” frequency response sections and
therefore, no matter what part of the frequency region was de-emphasized, the FELMS
algorithm could not better the echo cancellation achieved by the LMS algorithm. The
effect of de-emphasizing and not de-emphasizing the dominant frequency region of a
plant response was clearly demonstrated in Section 3.7.

Filtered-E LMS performance was also examined from the perspective of weight
vector misadjustment. This is essentially another way of looking at the same thing.
Plant responses which are good candidates for the FELMS algorithm have unmodelled
tails (those coefficients in the plant response which extend beyond the length of the
adaptive filter) with a very domirnant frequency characteristic. Response hybridl, for
example, contains a dominant low frequency tail. If the weighting filter used with the
FELMS algorithm serves to filter out that part of the error caused by the plant unmod-
elled tail response then weight vector misadjustment is significantly reduced and better
echo cancellation can be attained at emphasized frequencies.

In conclusion, the speakerphone-room responses WBN12 and mc3033 studied in this
thesis were not good candidates for the FELMS algorithm. They had no dominant
frequency characteristics and their frequency responses show no smooth regions where
one might be able to obtain better echo cancellation by emphasizing that region. Their
frequency responses can be seen to be constantly changing (always in transition) which

may be characteristic of effectively having transfer functions with many, many poles.



CHAPTER 4

Adaptive Tap Assignment

In the pursuit of an adaptive filter which can arbitrarily shape the spectrum of the
echo, it is natural to turn to a subband adaptive filter. Origirally, subband adaptive
filters have been given a fixed tap assignment. That is, if there are a total of M - L
taps to be distributed among the subbands then each of the M subbands will have an
adaptive filter L taps long. It can be expected, that if the M - L taps are distributed in
a nonuniform fashion, the spectrum of the echo will be shaped ir some manner. Giving
more taps to one band than to another should mean more echo cancellation in the band
with more taps and less echo cancellation in the band with less taps. The trick, of
course, is to find a way in which to adaptively distribute the taps and to find a criterion
upon which this adaptive tap distribution can be based.

4.1 Subband Adaptive Filter Structure

The generic subband adaptive filter structure was presented earlier in Figure 2.9
of Chapter 2. The filter structure remains the same for the work here. Some of the
parameters of the adaptive filter bank structure can be specified immediately. M = 8 .
has been chosen as the number of subbands. The use of the subband adaptive filter
structure gives one a piece-wise way of shaping the echo spectrum. Eight subbands

were chosen so that a fair degree of Sexibility would be available when shaping the echo



4.2 Filter Bank Design 108

spectrum. The rest of the parameters of the filter bank structure, such as the analysis

filters used and the decimation rate R will be considered in Sections 4.2 and 4.3.

4.2 Filter Bank Design

The filter banks used in this thesis were chosen to satisfy the perfect reconstruc-
tion (PR) property. That is, if no processing were done in between the analysis filter
bank and the synthesis filter bank then a signal passed through the entire structure
would suffer no distortion. The only effect of the structure would be to delay the sigral
by Lis — 1, where Lsg is the length of the analysis and synthesis filters. Note that all
of the analysis and synthesis filters are of identical length in the filter bank structure
used here.

The design procedure for the analysis and synthesis filters used here is given in [44].
A brief summary of it is presented here. Initially, one designs a “prototype” lowpass
analysis filter for a two channel filter bank. In order to generate filter banks with more
channels, the simple two channel filter bank must be decomposed. The restriction in
this procedure is that the final number of channels in the filter bank must be a power
of 2. A filter bank generated from a simple two channel filter bank is known as a “tree
structured” filter bank. The perfect reconstruction property is preserved through any
number of ciecompositions.

In order to generate an M-channel filter bank one can also use a direct M-band
decomposition method, as in [47). The M-channel decomposition techniques require
nonlinear optimization procedures in order to design the constituent filters of the filter
banks. Tree structured filter banks have a much simpler design procedure and were
chosen for this reason.

Below, the procedure for implementing a four channel tree structure filter bank is
described. This procedure can easily be generalized to the design of an eight channel
filter bank. Figure 4.1 shows the tree structure for M = 4. Note that only Ehe analysis
filter bank is considered here. The synthesis filter bank can be generated in an analogous
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manner [44]. This tree structure can be implemented as is or it can be implemented in

“parallel” form. The parallel form is illustrated in Figure 4.2
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Figure 4.1: Tree structured analysis filter bank for M = 4.

In order to generate the parallel form
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analysis filter bank from the tree struc-

tured analysis filter bank one makes use L] ag@a, 3 [ 14 X0

of the noble identities [46]. These iden- x(n)

tities are illustrated in Figure 4.3. Once A, @A) @3 [ Y4 |~

the filter bank is in the parallel form struc-

ture all of the decimation takes place af- ol A, @893 -+ ¥4 |~ X3(m)

ter filtering. The literature on tree struc-

tured filter bank design uses maximally Figure 4.2: Parallel form analysis filter
decimated filter banks. That is, the rate bank for M =4.

of decimation in each subband is equal to the total number of subbands. For the four
band case being described here, the rate of decimation is four. However, in Chapter 2
some problems with using maximum decimation for adaptive filtering were mentioned.

It is desirable then to use a decimation rate which is less than the maximum. It turns
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out that one can use the same filter banks as were designed for the case of maximal
decimation.

Given 2 set of analysis and synthesis filters and a decimation rate, an “aliasing
component™ or AC matrix can be constructed [45]. The given filter bank satisfies the
PR properties if its AC matrix is unitary on the unit circle of the z-plane [47}. The
AC matrix is 2 function of the filters which make up the filter bank and the decimation
rate of the filter bank structure. Thus in order to design a perfect reconstruction filter
bank with a decimation rate less than the maximum what one need do is design the
perfect reconstruction filter bank with maximum decimation rate according to [44), then
construct the AC matrix for the designed filters and the desired decimation rate. If the
AC matrix is unitary on the unit circle of the z-plane then the filter bank satisfies the
properties of perfect reconstruction. For a tree structured perfect reconstruction filter
bank with Af a power of two, the decimation rate R must also be a power of two. For
the eight band filtcr bank to be used in this thesis, the possible rates of decimation are

1 (no decimatiun), 2, 4 and 8 (maximal decimation).

o [ 1 oo Y@ =— X 5.R R YD eniy
e o PR = Lo+ aeh P wemiy2

Figure 4.3: The noble identities for multirate systems.

In order to design an 8 band filter bank a 16 tap low-pass prototype filter given
in [44] was employed. This prototype filter has 40 dB of stopband attenuation. The
procedure described above for generating the parallel form filter bank was then used
to produce an eight band filter bank structure. In the parallel form, each of the eight
bands of the analysis filter bank has 106 taps and 40 dB of stopband attenuation. The
decimation rate R was chosen to be one. That is, no decimation was applied to the

subband signals, as discussed in Section 4.3.
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4.3 Decimation Rate

In Section 2.8, subband adaptive filtering was discussed. Mention was made of alias-
ing effects which occurred when the filter banks were maximally decimated. Maximal
decimation refers to having the decimation rate equal to the number of subbands. While
attractive from a computational savings point of view, the performance of the subband
adaptive filter is unacceptable when these aliasing effects are present. Ore is left to
choose a decimation rate R less than A [3, 63)].

However, even non-maximally decimateéd filter banks suffer from some performance
degradations. These effects and ways to overcome them are studied in {39, 62, 63, 64].
This thesis will focus on the problem at hand, that of applyving psychoacoustic criteria
to acoustic echo cancellation, rather than get lost in the quagmire of subband adaptive
filtering. Thus, the filter bank structure used in this thesis, in common with the work
of [57, 58], does not decimate any of the subband signals (R = 1). Having bypassed
the issue of filter bank performance, the issues underlying the implementation of an
adaptive filter with frequency-dependent performance can be examined more directly.

It should be noted however that the use of a subband adaptive filter without decima-
tion is unattractive from a computational complexity point of view. An eight band sub-
band adaptive filter with no decimation will require more than eight times as many mul-
tiplications per sample as a fullband adaptive filter. Even a non-maximally decimated
subband adaptive filter could provide some computational savings over the fullband case
if the decimation rate is high enough [50]. In the case here, given the restrictions on the
choice of the decimaton rate R, it would be necessary to bring the decimation rate up
to 4 in order to bring the computational complexity of the subband adaptive filter in

line with the fullband case. However, this issue is not covered in the work of this thesis.
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4.4 Nonstationary Performance of NLMS

4.4.1 Fullband NLMS

Before considering the design of the subband adaptive filtering algorithm there are
some issues related to the performance of the NLMS algorithm with which to deal. The
NLAMS update equation was presented earlier as Equation 2.12. Note that the effective

step size of this update equation can be written as:

i
Heff = o+ Px' (41)

Very little is said in the literature about the choice of the parameter ¢. The factor
o is merely suggested as a “fudge factor” to be used to restrict Ueys from becoming
excessively large. As such it has been suggested to choose a “very small number” for o.
Such a choice is merely meant to control the step size when the input power estimate
P becomes very small or zero. Such a problem is virtually nonexistent when dealing
with a white noise training signal and thus such a problem must be studied using a
nonstationary signal such as speech as input. Some recent literature has begun to
address this issue [17].

The technique presented in [17] is to interrupt the updates of the weight vector when
P falls below a certain level. In this thesis a very similar tecknique is used. The effective
step size is restricted from exceeding a certain level. If the effective step size tries to
exceed this level then it is clamped at this level. This is akin to placing a cap on the

effective step size as follows:

Mepf < Mmaz. (4.2)
With such a technique, o becomes an unnecessary factor. It is illustrative to view a plot
of y.rr versus P, for the various methods of restricting the values of y.s,. In Figure 4.4,

three variations on the NLMS update given above are considered. These three cases

are:

Case 1. p.rr = u/P:.
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Case 2. p.sr = pf{o+ Pz).

Case 3. perr = p/Pr iff pefy < pimez else Heff = Hmaz-
The NLMS update technique of [17] is a fourth option, given by

Case 4. Beff = ,u/P, iff Beff < Mmaz else Uepf = 0.

In Figure 4.4, the choice of the parameters is meant to reflect typical values found in the
speech signals used throughout the simulations of this thesis. The average power found
in 2 speech signal was approximately 3 - 10°. (Note that this average signal power is
based on a 16 bit integer representation of the speech signals. The speech signals were
normalized before quantization so that the signal powers specified here bear no relation
to any phyiscal quantity.) The cap jtme: placed on p.p; was chosen according to the
theoretical maximum step size for the LMS algorithm. This gives

9

Emar = ﬁm ~6.7-107". (4.3)
For the purpose of comparison, L was set equal to one in Equation 4.3 for Figure 4.4.
The step size 2 was also set to one as it was for most simulations. Only the portion of
the curve for which the differences in the three methods of NLMS update are apparent
is shown. It is evident that u.rr grows without bound for decreasing input power if
no limit is placed on it. The third method of capping the effective step size is perhaps
the most attractive since it uses the theoretical NLMS effective step size, /P exactly
except when this quantity is deemed to be too large. In Case 2, where ¢ is used, the
effective step size approaches the theoretical NLMS effective step size when P is large,
but for much of the input signal power range the effective step size remains below the
theoretical NLMS effective step size. In Figure 4.4, ¢ was chosen to be 10, or about
the same order of magnitude as the power of the input speech sequences used in this
thesis. Such a large choice of ¢ does not concur with the general advice in the signal
processing literature “to make ¢ a very small number”. If ¢ is chosen to be a very
small number (about 50 dB lower than the expected input power), then the weight

vector misadjustment is very erratic, as in Figure 4.5. A larger value of ¢ gives lower
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misadjustment and leads to better echo cancellation. It was determined experimentally
that values of o on the order of the input signal power gave the best performance in
terms of reducing weight vector misadjustment. Of course, if & is chosen to be too large
then the convergence speed of the NLMS algorithm will be harmed considerably.
Initial results using the NLMS algo- »

rithm with speech input were quite per-
plexing. The error of the adaptive fil-

ter was found to vary quite erratically.

[Ty T
b kb b}

This was later attributed to the use of
the NLMS update with a small value of

0, as described above. The factor ¢ had “" " rpapoes s -

:
E |

always been chosen to be a small num-

ber, usually about 50 dB below the level Figure 4.4: Limited and unlimited pcyy.
of the input signal. Such a choice conformed to the literature’s advice to pick a very
small number for o. It was later found that even with a small value of o, the effective
step size became very large when the input signal fell to zero and the weight vector
tended to deviate from the optimum solution. A measure that can be used to assess the
performance of an adaptive filter is the misadjustment, abbreviated as mis(n). This
quantity was defined in Equation 3.16.

In Figure 4.5, mis(n) of a 100 tap fullband adaptive filter is plotted. The input is
speech signal htfand the room response is WBNI13. The parameters of the adaptive filter
are u = 1 and ¢ = 10. Note that ¢ is approximately 50 dB below the input power level.
Note how mis(n) shoots up at certain points. It can be shown that the points at which
mis(n) shoots up are the points at which P, reaches a minimum. When P; nears zero
and the input z(n) begins to rise again, the NLMS algorithm is at a vulnerable point.
Due to the fact that P, is the sum of the past L values of z3(n) there is an inherent
delay in the power estimate and there are times when the relationship P, oc L- E (z*(n))
may not hold. Figure 4.6 shows the relationship between mis(n), P:(n) and z(n). The
region of time plotted corresponds to the point where mis(n) takes its biggest jump
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in Figure 4.5, around iteration 11500. Clearly mis(n) jumps up when P.{(n) reaches a

minimum and then z(n) begins to rise again.
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Figure 4.5: mis(n) for an NLMS trained adaptive filter. Parameters: g = 1.0,L =
100, 0 = 10. Unknown response: WBN13. Input: Atf.

The approach used to resolve this misadjustment problem has already been given.
The effective step size of the NLMS update equation must be limited. Of the two
methods described earlier (in Figure 4.4) the second one remains closer to the true
NLMS algorithm and thus it will be the approach used throughout the remainder of
the thesis. The approach of simply limiting the effective step size rather than inter-
rupting adaptive filter updates when the effective step size reached the limit as in [17]
was chosen since this approach is closer to the ‘true” NLMS algorithm (no step size
limitations whatsoever). Informal simulations showed that both approaches effectively
prevented large jumps in weight vector misadjustment, although the step size limiting
approach limited the jumps in weight vector misadjustment slightly more than the step
size interruption approach. In the step size limiting approach, x. ¢ is chosen according

to the following criterion:

Umaz Otherwise

Heffective = { (4.4)
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Figure 4.6: Relationship between mis(n), P.(n) and z(n).

" where

2
Hmaz = T B 22 (m))

Note that gy, corresponds to the theoretical maximum step size for the fixed step size

(4.5)

LMS algorithm. For the simulations in this thesis, an a priori estimate of the input
signal power (E(z%(n))) is required by all algorithms. To derive such an estimate, the
average input power was calculated for each of the speech sequences used in this thesis
(m98, m54 and htf) and these average powers were themselves averaged to produce a
“typical” input signal power level. This “typical” input signal power level was then
used to calculate one .- to be used for all simulations. In Figure 4.7, mis(n) is
plotted for the same adaptive filter as above with the new restriction on p.r;. All
other parameters remain the same. In order to illustrate the effect of the limit cn g4y,
Figure 4.8 shows the averaged error spectra for the same adaptive filter using the small
o value as in Figure 4.5 and using the limit on sy as in Figure 4.7. Note that limiting
gy has resulted in a drastic reduction in the misadjustment of the weight vector and

a corresponding reduction in the echo level.
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Figure 4.7: mis(n) for an NLMS trained adaptive filter. Parameters: L = 100, =
1.0, tmar = 6.7 - 1079, Input: htf. Unknown response: WBNI3.
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Figure 4.8: Error spectra after convergence for adaptive filters with small sigma and
step size limit. Parameters: L = 100, = 1.0,0 = 10, ftnor = 6.7 - 107, Input: htf
Unknown response: WBN1S.
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4.4.2 Subband NLMS

The discussion of misadjustment in the weight vector for the NLMS algorithm above
has focussed on a fullband adaptive filter. In order to make use of the step size limiting
factor, this needs to be generalized to the subband adaptive filtering case. This is quite
simple, since 2 subband adaptive filter can be considered as M independent fullband
adaptive filters. One need then only estimate the step size limiting factor, ulo*, for
each band m. It would be somewhat impractical to estimate the A/ u®* factors on an
adaptive basis so a set of average estimates for these factors based on several different
speech inputs will be used. It would also be possible to use long term averages of the
speech power in each band in order to determine the step size limits but for simplicity,
the work of this thesis uses fixed factors.

Table 4.1 tabulates the speech power by band for the three speech signals used in this
thesis (see Appendix B), the average speech power by band, and the step size limiting
factors pn°* for each of the bands as calculated from Equation 4.5. Note that Table 4.1
is for the case M = 8 and for weight vectors of length one. Since the step size of the
LMS algorithm is inversely proportional to adaptive filter length, a corrective factor
must be applied to each of the pn** factors of Table 4.1 when these u** factors are
applied to a subband adaptive filter which has adaptive filters of various lengths in each
of its bands. Assuming that p7%%(1) is the maximum step size for band m as given by
Table 4.1 (for an adaptive filter of length ore), and the length of the adaptive filter in
band m is L, then the actual step size limit for band m will be given by:

maz p y . Mmoo (1)
tm (Lm) = T (4.6)

4.5 Adaptive Tap Assignment

Earlier, the expectation of being able to control the level of echo cancellation in
each band of a subband adaptive filter by choosing an appropriate tap assignment was
mentioned. In order to do this effectively, the weight vector lengths in eack subband
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Band Speech signal power Average pmes
m98 mo4 htf power
0 }22-10°{25-10%{1.6-105|2.1-10%|2.0-10"%
1 |85-10°|7.7-10° [ 1.4-10° | 1.0-10° | 2.0-10~¢
2. [21-10°33-10°129-105| 1.2.10° | 2.0-10°%
3 163-10°125-10°|5.5-10° | 4.8-10% | 2.0-10™¢
4 [36-10°;1.2-10° { 3.7-10% | 2.8-10% | 2.0-10~%
5 [15-10°|7.7-20° | 1.6-10° | 1.3-10° | 2.0-10~%
6 [9.1-10°(9.3-10°{8.8-10°|9.1-10° | 2.0-10~*
T }21-10°)86-10° | 6.9-10% | 1.2-10° { 2.0-10~%

Table 4.1: Average speech power by band and corresponding factors pm°= for L = 1.

should be adaptively assigned. This will allow the algorithm to work well for different
inputs and different room responses. Two adaptive tap assignment algorithms will be
presented in this section. The first is an adaptive tap assignment algorithm proposed
in [57] and subsequently modified in [58]. The second is an algorithm developed as part
of the work of this thesis. Both algorithms seek to improve upon the echo cancellation
obtained by a fixed tap assignment subband adaptive filter. A fixed tap assignment
adaptive filter is of course one which assigns an equal number of taps to the adaptive filter
of each subband. Both of the adaptive tap assignment algorithms achieve better echo
cancellation by adaptively assigning taps so as to equalize the error power amongst all of
the bands of the subband adaptive filter. The two adaptive tap assignment algorithms
use different algorithms to distribute the taps, with the algorithm developed for this
thesis being more suitable for the application of a psychoacoustic weighting criterion.
A psychoacoustic weighting criterion will be applied to the adaptive tap assignment

algorithm in Section 4.6.



4.5 Adaptive Tap Assignment 120

4.5.1 Sugiyama Algorithm

The Sugivama algorithm is described in [58]. This algorithm is designed to equalize
the error levels in each of the subbands, corresponding to a flat echo spectrum. In
the case of a typical speech spectrum and a typical room spectrum (see Appendices A
and B), the desired response exhibits a predominantly lowpass frequency characteristic.
Using the algorithm presented in [538], most of the available taps will be concentrated in
the lowest frequency subbands. The simulation examples in [58] concern themselves only
with a two channel subband adaptive filter although the algorithm is presented for the
general case of an M channel subband adaptive filter. Results using an 8 band version
of the algorithm from [38] will be presented in Subsection 4.5.1. Note that in common
with the work here, the authors of [55] have chosen to ignore the issue of decimation
rates and do not apply any decimation to their filter bank.

Full details of the Sugiyama algorithm are presented in [38] but a short summary
will be presented here. The lengta of the adaptive filter in a given band m is denoted
Lm(n). The dependence on sample n indicates the adaptive nature of these filter lengths.
Adaptive filter lengths are updated every S iterations. The reallocation of taps consists
of subtracting R(n) taps from every subband and redistributing these taps according

to:

Lp(n+1)=L.(n) - R(n) + M - R(n) - b,u(n) (4.7)

for each of the M subbands. In the above equation, ®,,(n) is a measure of the error in

subband m relative to the total error of the subband adaptive filter. This error measure

is given by: it
. E_::n—s-i-l Pm(p) * Prr:“ ) ]
L 3 = INT . 4.8
) =N o Polp) - PG5 (8
where L)t _
Pa(n)= 3 Xi(n-—i) (4.9)
=0
and i Lm(n)-1
Pilm)y= Y W2(). (4.10)

i=Lm{n)-P
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The notation INT indicates that each of the M error measures ®,,(n) must be rounded
to an integer value. The factor P,(n) is the NLMS power estimate of the input signal
in band m at sampling instant n and P*¥(n) is the power in the last P coefficients of
the weight vector of band m. P%¥(n) is an estimate of the tail power of the weight
vector and is used as an indication of the length of the room impulse response in band
m. R(n) is a function of n since the value of R is variable. R(n) is incremented by one if
band m has the largest ®,(n) for more than r consecutive tap reassignments, otherwise

R(n) is decremented by one to a minimum of one.

4.5.2 Error Equalizing Algorithm

The adaptive tap assignment algorithm that will be used for the work of this thesis
1s presented now. In the denivation of this algorithm, the same labels for variables as in
the Sugivama algorithm above will be used when such variables are *dentical in function.
The tap assignment is recalculated every S iterations, as above. In this case, an error
measure for each band is defined as

PEm)= Y. EX() (411)
i=n=5+1
where E,,(n) is the error output of the adaptive filter in band m at sampling instant
n. This error measure is essentially a measure of the average error in each subband
over the past S iterations. At tap reassignment time, these error measures are sorted
to produce a vector Vg(n) which contains the largest of PZ(n), forl<m < M ~1, as
its first element and the smallest of PE(n), for 1 <m < M —1, as element M — 1.

Ve(r) = (PE(n))™= ... (PE(n))m ] (4.12)

A vector V;(n) corresponding to Vg(n) is constructed as well. The elements of V;(n)
are the numbers of the subbands which correspond to the entries in Vg(n). Thus,
the first element of V/(n) is the m for which PE(n) is greater than all other PZ(n).
The algorithm now consists of simply adding R taps to the subband referred to by the
first entry in V(n) and subtracting R taps from the subband referred to by the last
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entry in Vy(n). If the subband referred to by the last entry in Vy;(n) already has
the minimum number of taps possible then the subband referred to by the second last
entry in Vyr(n) has R taps subtracted from its length. To summarize this algorithm:
at each tap reassignment time the band with the highest error accumulated over the
past S iterations is accorded an additional R taps and the band with the least error
accumulated over the past S iterations loses R taps. The weight vector lengths in all of
the other bands remain unchanged.

A few general comments about the two adaptive tap assignment algorithms are in
order. The Sugiyama algorithm requires each adaptive filter to be at least P (where P
was the length of the tail) coefficients long in order for the algorithm to be able to cal-
culate the required tail power estimate Pi2*(n). The error equalizing algorithm (EEQ)
presented above does not have such a restriction and it is possible for an adaptive filter
to have a zero length if there is little error in that band. Nevertheless, 2 minimum num-
ber of taps per band parameter will shortly be added to the EEQ algorithm. The error
equalizing algorithm adjusts the weight vector lengths in only two bands at each tap
reassignment whereas the Sugiyama algorithm changes the weight vector length in each
and every band. Though this approach would slow down the convergence of the wéight
vector lengths of the EEQ algorithm, it will be seen that it also has a smoothing effect
on the weight vector lengths; in short, a desirable effect. The error equalizing algorithm
deals directly with the error in each subband and thus, if one wishes to weight the er-
rors of the subbands relative to each other, weighting factors may be applied directly
to errors. The Sugiyama algorithm has a more complicated error measure and weight-
ing factors applied directly to the error measure may not produce the desired results.
Comments on the specific choice of parameters are deferred until the simulation results

are presented.
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4.6 Psychoacoustic Criteria

The presentation of the adaptive tap assignment algorithms above has been from
a strictly objective point of view. The given algorithms were designed to equalize the
error power throughout the eight bands of the subband adaptive filter. In Section 2.10,
some ideas on how the performance of an echo canceller might be improved if the echo
spectrum were shaped to fit some hearing curve or masking curve were presented. This is
the real reason for developing an adaptive tap assignment algorithm. Such an algorithm
can be used to shape the echo spectrum so that the echo is as inaudible as possible.
Hearing curves such as the absolute hearing threshold curves indicate that a flat echo
spectrum may not be the most efficient shape to give the echo. In fact the absolute
hearing threshold curve for the human ear indicates lower sensitivity to scunds with
frequencies below 1 kHz and the highest sensitivity to sounds with frequencies in the
range of 2 kHz to 4 kHz. This leads one to suspect that one should try to shape the echo
spectrum similarly to the shape of the absolute heariﬁg threshold curve for the human
ear. In this way one will be making the best use of the available adaptive filter taps.

The EEQ algorithm presented above needs some minor modifications in order to
meet the perceptual weighting needs. The algorithm, as it was presented, merely tries
to give the echo spectrum a flat shape. It is desired to give the echo a shape more
in accordance with the lowest curve of Figure 4.9, which is a curve of the absolute
hearing threshold of the human ear. The upper curves of Figure 4.9 represent masking
threshold curves and are not considered in this thesis. To do this, a piece-wise estimate
of the absolute hearing threshold curve is made. Since the subband adaptive filtering
structure of this thesis has eight bands, there are eight piece-wise segments with which
to approximate the absolute hearing threshold curve. With these piece-wise estimates
of the absolute hearing threshold curve an error-weighting vector is constructed. This
vector has eight elements: one for every subband. The frequency range of interest here
is from 0 Hz to 4 kHz. The piece-wise estimate of the absolute hearing threshold curve

and the corresponding error weighting factors are given in Table 4.2.
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Figure 4.9: Absolute hearing threshold (lowest curve) versus frequency for the human
ear. (Figure 1 of [72], originally from [78].)

Frequency (kHz) | Curve estimate(dB) | Error weight (dB) | Error weight
0-0.5 6 -6 0.25
0.5-1.0 4 -4 0.4
1.0-1.5 2 -2 0.63
1.5-20 0 0 1
2.0-25 0 0 1
2.5-3.0 -2 2 1.6
3.0-35 -5 5 3.2
35-4.0 -5 ) 3.2

Table 4.2: Piece-wise estimate of the absolute hearing threshold curve and correspond-

ing error weighting factors for the adaptive tap assignment algorithm.
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The fourth column of Table 4.2 gives the linear error weighting factors. These are

the factors which make up the error weighting vector as follows:

Vet =025 04 063 1 1 1.6 3.2 3.2 (4.13)

In order to turn the adaptive tap assignment algorithm described above (EEQ) into an
algorithm which tries to shape the echo spectrum to the same shape as the absolute
hearing threshold curve, a new error measure PE (n) is defined as follows:

PE(m) = oo, S~ E3() (4.19)

i=n=-S+1

where 299" is coefficient m of the weighting vector V¥4t in Equation 4.13. Vectors
V(n) and Vi (r) are then constructed in a manner analogous to vectors Vg(n) and
Var(n) of the error equalizing algorithm. The effect of this weighting is simply to
emphasize the higher frequencies and de-emphasize the lower frequencies in the echo.
The end result should be an echo with a spectral profile similar to the absolute hearing
threshold curve.

The numbers of Table 4.2 were deduced in the following manner. A reference point
was selected on the absolute hearing threshold curve and considered as the 0 dB point.
In Table 4.2, this corresponds to bands 3 and 4 or the frequency range 1.5 kHz to
2.5 kHz. The other frequency bands were then assigned magnitudes relative to the 0 dB
point. Thus, the human ear is most sensitive to frequencies in the 3 kHz to 4 kHz range
and least sensitive to lower frequencies. These relative numbers were then inverted to
give the desired weighting factors. The numbers must of course be inverted since one
wants to de-emphasize the lower frequency echoes and emphasize the higher frequency
echoes.

The adaptive tap assignment algorithms presented above must be evaluated in two
ways. Firstly, it must be determined if they are performing as they were designed to do.
This means that these algorithms must achieve the desired spectral shape. In the case of
the original error equalizing algorithm of Subsection 4.5.2, from here on EEQ dgoﬂtﬁm,
the echo spectrum should be nearly flat. In the case of the perceptually based algorithm,
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from here on referred to as the weighted error equalizing algorithm (WEEQ), the echo
spectrum should resemble the absolute hearing threshold curve. The algorithm from [58]
shall be known as the Sugiyama algorithm (SUG). Secondly, it must be determined if the
perceptually based weighting applied to the errors (in the case of the WEEQ algorithm)
leads to less audible echoes when compared to the fixed tap assignment algorithm and
to the original adaptive tap assignment algorithms.

4.7 Minimum Tap Assignment

An issue, mentioned previously, is whether or not to allow the weight vector length
of any band m to go to zero. Alternatively, one could enforce a minimum number
of taps per band minn,(n) parameter which could as well be adaptive. Firstly, the
reasons for whick such a parameter might be necessary must be examined. To do this
a performance measure known as the Total Impulse response Power to Tail response
Power ratio” (TIP/TP), proposed by Knappe [7, 8], is useful. To explain it briefly
one can say that the TIP/TP for a given room response gives the maximum achievable
ERLE for a given fullband adaptive filter with L taps when the input signal is white
noise. Figures A.3 and A.6 give the TIP/TP curves for the two room responses that
have been considered:

The initial portions of the TIP/TP curves for the speakerphone-room responses
WBN18 and mc8033 are steeper than the latter stages. Subbands of the adaptive
Slter which have lengths varving in value near zero may experience somewhat erratic
cancellation performance.

One solution to this problem is to use a minimum number of taps per band parameter,
denoted min,{n). This parameter is a function of n but it is not updated continuously.
Rather, min,,(n) will be updated every Np,, - S iterations and will take on one of two

values: 0 or 60 taps. The reasons for these two values of minn,(n) are:

1. If a subband has very little error and min,,(n) is not really required then it is
undesirable to reserve any taps for this band since these taps could be assigned to
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another band where they will do more good.

2. When minn,(n) is required for a band, it is chosen according to minn,(n) = 60

because this will place the weight vector length at a significant distance from zero.
Every Npin - S iterations min,(n) must be updated for all M bands according to:

60 if LM< >65 and L™ <35
mina(n)=q 0 i  L™=>65 and  L™" > 35 (4.15)
0 if LM <es |

where

L = maximumof L,(i) for n—=Npin-S<i<n (4.16)

L7"® = minimum of Lp(i) for n—Npm-S<i<n. (4.17)

To illustrate the effect of this minimum pumber of taps per band parameter, simula-
tions are presented in Figures 4.10 and 4.11 for the WEEQ algorithm for runs with and
without the minimum number of taps per band parameter. Figures 4.12 and 4.13 show
the corresponding weight vector length curves to illustrate how the minimum number of
taps per band parameter has constrained the weight vector lengths. Figure 4.12 shows a
case where the minimum number of taps per band criteria aids the tap allocation in one
band from oscillating too much. Figure 4.13 shows a case where the minimum number
of taps per band criteria outlined above deems it unnecessary to allocate a minimum
number of taps to the band in question and thus the band receives virtually no taps '
with or without the mirimum number of taps per band strategy outlined above. The
point of Figure 4.13 is to show that the minimum number of taps per band strategy is

not rigid and will not allocate a minimum number of taps to a band if it is not necessary.

4.8 Objective Performance

An objective performance evaluation of the adaptive tap assignment algorithms pre-

sented above must be concerned with several factors:
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Figure 4.10: Error spectra for WEEQ with and without the minimum number of taps
per band parameter. Unknown response: WBNI13. Input: m54. Parameters: M = 8,
u = 1.0 (both), S = 100 (both), 1 < R < 5 (both)).
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Figure 4.11: Error spectra for WEEQ with and without the minimum number of taps
per band parameter. Unknown response: WBN13. Input: htf Parameters: M = 8§,
p# = 1.0 (both), § = 100 (both}, 1 < R < 5 (both).
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Figure 4.12: Weight vector lengths of the WEEQ algorithm with and without the min-
imum number of taps per band parameter versus time for band 4. Unknown response:
WBN13. Input: m54. Initial tap assignment: 300 taps per band. Parameters: M = 8,
& = 1.0 (both), S = 100 (both), 1 £ R < 5 (both).
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Figure 4.13: Weight vector lengths of the WEEQ algorithm with and without the min-
imum number of taps per band parameter versus time for band 7. Unknown response:
WBN13. Input: hif. Initial tap assignment: 300 taps per band. Parameters: M = 8,
# = 1.0 (both), S = 100 (both}, 1 < R < 5 (both).
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1. The convergence time of the weight vector lengths in each of the bands. In other
words; how long does it take the weight vector length in band m to reach a steady

state value.

o

The overall convergence rate of the fullband error of the subband adaptive filter.

3. The echo spectrum after weight vector convergence. Weight vector convergence
in this case means both convergence of the individual taps and convergence of the
weight vector Iengtlis. How well does the final echo spectrum match the desired
spectral shape?

4. Choice of the adaptive tap assignment algorithm: parameters and their effect on
the performance measures discussed above. The effect of the parameters discussed

above (S, R) must be examined.

Each of these criteria will be examined in the subsections that follow.

4.8.1 Sugiyama and Error Equalizing Algorithms

The Sugiyama algorithm and the error equalizing algorithm both seek to equalize the
error amongst all subbands. This section compares the two algorithms on the following

basis:
1. Echo spectra after weight vector convergence.
2. Speed of weight vector convergence.

3. Stability of weight vector lengths.

Steady-state Echo Spectra

Figures 4.14 through 4.16 show the error spectra after convergence for three different
input and room response combinations. Figures 4.14 through 4.16 show the visual
aspect of the “Hattening” properties of the two adaptive tap assignment algorithms, but

a more objective comparison would also be helpful. A measure of the flatness of an
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Figure 4.14: Error spectra for FTA, SUG and EEQ algorithms. Unknown response:
WBN13. Input: m98. Initial tap assignment: 300 taps per band. Parameters: Mf = 8,
g = 1.0 (all bands), S = 100 (SUG/EEQ algorithms), 1 £ R <3 (SUG),1 < R<LS
(EEQ). P = 32 (SUG).
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Figure 4.15: Error spectra for FTA, SUG and EEQ algorithms. Unknow.. -esponse:
WBN1S. Input: m54. Initial tap assignment: 300 taps per band. Parameters: M = 3,
g = 1.0 (all bands), S = 100 (SUG/EEQ algorithms), 1 < R <3 (SUG), 1< R<35
(EEQ), P = 32 (SUG).
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Figure 4.16: Error spectra for FTA, SUG and EEQ algorithms. Unknown response:
mc3083 Input: htf. Initial tap assignment: 300 taps per band. Parameters: M = 8.
g = 1.0 (all bands), S = 100 (SUG/EEQ algorithms), 1 < R <3 (SUG),1 < R<5
(EEQ), P = 32 (SUG).

echo spectrum would be the second central moment of the averaged spectrum sequence
(in other words, the variance of the spectrum). The spectra plotted in Figures 4.14
through 4.16 are actually averaged spectra computed using 256 point DFT's and the
Welch method of averaging. This function is available as the spectrum function in
Matlab (see Appendix B). The result is a 129 point sequence (covering the 0 Hz to
4 kHz frequency range in the case here) which can be plotted as the power spectrum
magnitude. Computing the second central moment (variance) of the power spectrum
sequence gives a measure of the flatness of the spectrum. Consider a power spectrum
sequence given by X (k) for k=0,1,.--,(N/2 —1) where N is the size of the DF'T used
in the calculation of the averaged spectrum. The second central moment of the power
spectrum X (k) is defined as:

wfz
1

1

myx =

i

= (X6 b (4.18)
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Input and Room Response
algorithm | m98WBN18 | m54-WBN13 | hifmc3033
m% m% m5
FTA 3.34-101 9.57-10%° | 9.68-107
SUG 1.3-10° 5.8-107 2.38-10°
EEQ 2.9-108 5.06- 107 1.14 - 107
Table 4.3: Second central moments of the error spectra.
where px is the mean of X{k), defined as:
9 £-1
pe=5 2 X(K). (4.19)
Y k=0

Note that the symbols used here are somewhat arbitrary, and are not necessarily based
on convention. Table 4.3 gives the second central moments (m3.) for the simulations
of Figures 4.14 through 4.16. Table 4.3 indicates that the two adaptive tap assignment
algorithms, in all cases, have flattened the echo spectrum with respect to the fixed tap
assignment algorithm (FTA).

In summary, both algorithms flatten the echo spectrum considerably, relative to the
fixed tap assignment algorithm. By flattening the echo spectrum, the maximum echo
spectral components are lower in the adaptive tap assignment algorithms than in the

fixed tap assignment algorithm.

Convergence Speed

The term ERLE was defined earlier in this thesis. The ERLE is a measure of the
echo cancellation. When adaptive filters are trained with highly nonstationary signals
such as speech, some sort of short-term averaging must be applied to the ERLE in order
to make it a useful criterion for measuring the performance of the adaptive filter. The
ERLE measure that will be used in this section to assess the convergence rate of the

subband adaptive filters will be denoted ERLE(n) to indicate that it is computed at
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each iteration n. The following equation gives the ERLE measure:

ERLE(n) = Zien¥empn1 FE — Las 1) (4.20)

i=n-Ngro e+ € (1)

Ngpeg is the length of the window over which the average ERLE is computed. The
choice of Nggrrg represents a trade-off between being able to see the fluctuations of the
ERLE and having a smooth ERLE curve. (L.s — 1) is the delay of the filter bank
structure, as discussed in Chapter 2. The ERLE is defined as the ratio of the power of
the desired response (ie. the echo with absolutely no cancellation) and the power of the
echo. Note that in the subband adaptive Sltering structure of Figure 2.9, d(n) is not
delayed at all while e(n) sees the full delay (L.s — 1) of the filter bank. Thus, in order
for d(n) to represent the echo with no attenuation, it must be delayed by L s —1. This
is the reason for the different indices in Equation 4.20. '

Figures 4.17 and 4.18 show plots of the ERLE measure for two of the simulations
above. The factor Ngprg was set equal to 1000 in order to give a decent amount of
smoothing to the ERLE measure. The Sugivama and EEQ algorithms initially converge
to the same ERLE level as the fixed tap assignment algorithm, but then as the new tap
distribution begins to take effect, the adaptive tap assignment algorithms converge to a
new ERLE.

The most important thing to be recognized from Figures 4.17 and 4.18 is that the
adaptive tap assignment algorithms are not losing anything, in terms of convergence,

to the fixed tap assignment algorithm. Initial convergence is as quick for the adaptive
. tap assignment algorithms, and the adaptive tap assignment algorithms continue to
converge to a better ERLE.

Weight Vector Length Convergence

Weight vector convergence, in the context discussed below, refers to the speed with
which the weight vector lengths reach some sort of steady state value. The stability of
the weight vector lengths refers to the level of oscillation of the weight vector length
about its steady state average. Figures 4.19 to 4.22 show the weight vector lengths versus
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Figure 4.17: ERLE curves for FTA, SUG and EEQ algorithms.Unknown response:
WBN!13. Input: m54. Initial tap assignment: 300 taps per band. Parameters: M =8,
g = 1.0 (all bands), S = 100 (SUG/EEQ algorithms), 1 < R £ 3 (SUG),1 < R<5
(EEQ).
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Figure 4.18: ERLE curves for FTA, SUG and EEQ algorithms. Unknown response:
mc3033. Ioput: hif. Initial tap assignment: 300 taps per band. Parameters: M = 8,
g = 1.0 (all bands), S = 100 (SUG/EEQ algorithms), 1 < R <3 (SUG),1 < R<35
(EEQ)-
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time for four bands of interest taken from the same simulations as used for the echo
spectra in Figures 4.14 to 4.16. The weight vector lengths of the SUG algorithm have
a faster initial convergence rate than those of the EEQ algorithm. What is somewhat
surprising is the discrepancy in final weight vector lengths of the two algorithms for the
cases in Figures 4.21 and 4.22. These weight vector length curves correspond to the
simulation of Figure 4.16 where the SUG algorithm actually seems to be assigning too
many taps to the lowest two subbards (as evidenced by Figure 4.21 and two few taps
to higher bands (as evidenced by Figure 4.22) resulting in an echo which is not as flat
as the EEQ echo of Figure 4.16.

2500 ™
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Band 0 adaptie fRer kength (L)
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Q 0:2 0:4 o:e 0:8 1 1:2 1:4 1:0 1:3 2
Time (n} x10*
Figure 4.19: Weight vector lengths of the EEQ and SUG algorithms versus +ime for
band 0. Unknown response: WBN13. Input: m54. Initial tap assignment: 300 taps per
band. Parameters: M = 8, x = 1.0 (all bands), $ = 100 (both algorithms), 1 < R< 3

(SUG), 1 < R < 5 (EEQ).

Effect of Parameters $ and R

The effect of these parameters will be first considered for the EEQ algorithm. These
parameters are considered in conjunction since they can both be used to achieve similar

effects. Intvitively, one expects faster convergence of the weight vector lengths for
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Figure 4.20: Weight vector lengths of the EEQ and SUG algorithms versus time for
band 1. Unknown response: WBN13. Input: m54. Initial tap assignment: 300 taps per
band. Parameters: M = 8, z = 1.0 (all bands), S = 100 (both algorithms), 1< R< 3
(SUG), 1 £ R<5 (EEQ).
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Figure 4.21: Weight vector lengths of the EEQ and SUG algorithms versus time for
band 0. Unknown response: mc3033. Input: hif Initial tap assignment: 300 taps per
band. Parameters: A/ = 8, u = 1.0 (botk algerithms), $ = 100 (both algorithms),
1 < R<3(SUG) andlSRﬁSQE}EQ).
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Figure 4.22: Weight vector lengths of the EEQ and SUG algorithms versus time for
band 3. Unknown response: mc3033. Input: htf Initial tap assignment: 300 taps per
band. Parameters: M = 8, g = 1.0 (all bands), S = 100 (both algorithms), 1 < R <3
(SUG) and 1 £ R <5 (EEQ).

smaller S and for larger R. It is Ry, rather than R which is truly of interest since R

is always allowed to vary within the range:

1< R < Romas. (4.21)

It can be intuitively expected that the weight vector lengths will be somewhat erratic if
an Ry that is too large is used. To illustrate this, Figure 4.23 shows the weight vector
length curve of band 0 for three different values of Rpmgr with S = 100.

Figure 4.24 shows the weight vector length curve of band 0 for three different values
of § with Rper = 5. One can see that the effect of the choice of Rpner and S is very
similar to the intuitive expectation outlined earlier. When the weight vector length tries
to converge too quickly, either through a small choice of S or a large choice of R..,
there tends to be significant overshoot in the weight vector length for bands that are
gaining a significant number of taps. Figures 4.23 and 4.24 provide the evidence of this.
The choice of S = 100 and Rp,: = 3 provides a good compromise between weight vector

length convergence and smoothness of the weight vector length (overshoot).



4.8 Objective Performance 139

2200 T - T T T - T T ™

Band 0 adaptive 12er kength L)

383888 888¢8

o o3 6.4 o6& o8 1 P I
Time (n) x 10*

Figure 4.23: Weight vector lengths of the EEQ algorithm versus time for band 0.

Unknown response: WBNI13. Input: m5{. Parameters: M =8, p = 1.0, S = 100,

Roar = 2,5,10.
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Figure 4.24: Weight vector lengths of the EEQ algorithm versus time for band 0. Un-
known response: WBNI3. Input: m54. Parameters: M =8, z = 1.0, S = 50, 100, 200,

1<R<5.
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The choice of these parameters is slightly different for the Sugivama algorithm. While
S functions identically for both algorithms, R is significantly different. In the EEQ
algorithm, up to Ry, taps are added or subtracted from two bands every S iterations.
In the Sugiyama algorithm, up to Rmq. - M taps are available for redistribution every S
iterations. Thus, it is possible for a band to receive up to Rma:-S taps although no band
will lose more than Rn.- taps at any given iteration. The result is that R,., cannot
be set as high for the Sugiyama algorithm as it can for the EEQ algorithm. Figure 4.25
shows that choosing Rmsr = 5 leads to significant overshoot in the convergence of the
weight vector length. The value of Rp,; = 3, used in the earlier simulations, represents

a compromise between smooth convergence and fast convergence.
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Figure 4.25: Weight vector lengths of the Sugiyama algorithm versus time for band
0. Unknown response: WBN13. Input: m54. Parameters: M =8, u= 1.0, S =100,

Rz =1,5.

Conclusion

The main point of this subsection has been to compare the EEQ algorithm and the
Sugiyama algorithm. The two algorithms perform quite similarly. There are, of course,

small differences in their performances; yet, nothing that could be construed to imply
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that one algorithm is markedly superior to the other.

4.8.2 Natural Speech Results

Now, an evaluation of the psychoacoustically based WEEQ algorithm performance
compared to the performance of the fixed tap assignment (FTA) algorithm and the
Sugivama algorithm is presented. The performance of the WEEQ algorithm is identi-
cal to the performance of the EEQ algorithm except for the weighting applied to the
echo. Many of the performance measures discussed in the previous subsection; namely,
the convergence speed, weight vector length and stability, the effect of the S and R
parameters, and the algorithm complexity, do not need to be discussed again. Instead,
this subsection will concentrate on the echo spectrum shaping obtained by the WEEQ
algorithm. In this subsection, the concern is the performance of the adaptive filtering
algorithms with natural, full bandwidth speech. This does not take into account any of
the bandlimiting that a telephone channel may apply to the spectrum of the speech sig-
nal. Simulations in Subsection 4.8.4 will consider the influence of the telephone channel

frequency response on the performance of the adaptive tap assignment algorithms.

Steady-state Echo Spectra

It will be shown that the WEEQ algorithm has shaped the echo spectrum in the
desired manner. Figures 4.26 to 4.31 show echo spectra after convergence for six different
input-room response combinations. The WEEQ algorithm usually finds itself in between
the FTA and SUG algorithms as far as level of echo in a given frequency band goes.
The use of the WEEQ algorithm results in an echo with more echo content at lower
frequencies and less echo content at higher frequencies, in accordance with the shape of
the absolute hearing threshold curve. Due to the minimum number of taps requirement,
the Sugiyama algorithm will provide a minimum depth of cancellation in every band,
even if that band contains little energy. The WEEQ algorithm has a minimum number
of taps per band parameter as well, but this parameter is onlyv applied to a band when
it is found that the echo in that band is sigrificant and is causing the WEEQ algorithm
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Figure 4.26: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:
WBN13. Input: m98. Parameters: M = 8, u = 1.0 (all bands), § = 100 (SUG,
WEEQ), 1< R<3(SUG),1 £ R<5(WEEQ).
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Figure 4.27: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:
WBN13. Input: mi4. Parameters: M = 8§, u = 1.0 (all bands), § = 100 (SUG,
WEEQ), 1 < R<3(SUG),1 £ R<5(WEEQ).
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Figure 4.28: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

WBN13. Input: hif. Parameters: M = 8, x = 1.0 (2ll bands), S = 100 (SUG, WEEQ),

1< R<3(SUG), 1< R<5 (WEEQ).
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Figure 4.29: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

mc3033. Input: m98. Parameters: M = 8, x = 1.0 (all bands), S = 100 (SUG, WEEQ),

1< R<3(SUG), 1< R<5(WEEQ).
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Figure 4.30: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:
mc3033. Input: mb4. Parameters: M =z 8, i = 1.0 (all bands), S = 100 (SUG, WEEQ),

1< R<3(SUG),1<R<5 (WEEQ).
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Figure 4.31: Error spectra for FTA, SUG and WEEQ alzurithms. Unknown response:
mc3033. Input: hif. Parameters: M = 8, u = 1.0 (all bands), S = 100 (SUG, WEEQ),

1< R<3(SUG), 1< R<5 (WEEQ).
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to not achieve the desired level of cancellation in that band. The real test of the WEEQ
algorithm can only be a subjective hearing test. From an objective point of view, the
WEEQ echo usually has more error than the Sugivama (or EEQ) algorithm. However,
as mentioned previously, psychoacoustic principles imply that the sensitivity of the ear
is a more important criterion than the absolute ERLE obtained.

In Figures 4.26 to 4.29, the Sugiyama and WEEQ algorithms have shaped the echo
spectra In very similar manners. Given that the desired echo spectral shape of the
Sugivama algorithm is flat, it is the Sugiyama algerithm which is deviating more from
its intended performance. The WEEQ algorithm appears to be achieving a spectral
shape in line with its criteria. Table 4.4 in Subsection 4.8.5 shows that for these three
cases, almost all of the available taps are being assigned to the first two bands, both
for the Sugiyama algorithm and for the WEEQ algorithm. For the Sugivama algorithm
in particular, the rest of the bands receive an average number of taps very close to the
absolute minimum number of taps allowed per band. This indicates that the Sugiyama
algorithm is doing everything it can to reduce the echo in the first two bands at the
expense of higher echo everywhere else. However, Figures 4.26 to 4.29 show that the echo
level is still higher at low frequencies than at high frequencies. Thus, if the Sugiyama
algorithm had even more taps to work with, it would allocate these to the low bands
in an effort to achieve a flat echo spectrum. Thus the reason that the Sugiyama and
the WEEQ algorithm have achieved the same echo spectral shaping for these cases is
due to the fact that there ave simply not enough available taps for both algorithms to
achieve their desired shapz. With more available taps the Sugiyama algorithm would
fiz*ten the echo spectrum even more while the WEEQ algorithm would maintain the
psychoacoustically-derived emphasis on hetter echo cancellation in the higher frequency

bands.

Convergence Speed

As mentioned previously, the performance of the WEEQ algorithm in terms of con-
vergence speed is identical to that of the EEQ algorithm, save the weighting applied to
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the echo. This implies that the WEEQ algoritbkm will reach its steady-state ERLE as
quickly as the EEQ algorithm, but that this steady-state ERLE will likely be somewhat
worse (though no not necessarily so) than that of the EEQ algorithm. Figure 4.32 shows
the ERLE measure of the WEEQ algorithm and the EEQ algorithm for the simulation
of Figure 4.27. In Figure 4.27 it can be seen that the Sugivama and WEEQ algorithms
bhave achieved virtually the same echo spectral shape. It is thus not surprising that
Figure 4.32 shows virtually identical ERLE performance for the WEEQ and EEQ algo-
rithms. Remember that the EEQ and Sugivama algorithms perform very similarly (the
convergence rate of the Sugiyama algorithm was found to be almost identical to that of
the EEQ algorithm in Subsection 4.8.1). In cases such as Figure 4.30 and Figure 4.31
where the WEEQ algorithm achieves an echo spectrum with more low frequency echo
(and thus more echo on the whole) than the Sugiyama (or EEQ) algorithm, ore can
expect the WEEQ ERLE performance to be slightly inferior to that of the Sugiyama or
EEQ algorithms.
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Figure 4.32: ERLE curve for the EEQ and WEEQ algoritbms. Unknown response:
WBN13. Input: m54{. Parameterss M = 8, x = 1.0 (all bands), S = 100 (EEQ,
WEEQ), 1 < R < 5 (EEQ, WEEQ).
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Conclusion

The weighting of the error applied by the WEEQ algorithm results directly in a
shaped echo spectrum. The WEEQ algorithm allows more low frequency echo and less
high frequency echo than the EEQ algorithm. This weighting is in accordance with the
absolute hearing threshold curve. The test of the performance of the psychoacoustically-
based WEEQ algorithm is necessarily a subjective one and this test is the subject of
Section 4.10.

4.8.3 Telephone Channel Bandlimiting

In order to make the simulations as realis-

tic as possible, the effect of transmission over .l

a telephone channel on the spectra of the in-

b_4

put signals must be considered. Telephone net-
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&

works use a sampling rate of 8 kHz. Thus, there
is a maximum bandwidth available of 4 kHz.

by

Due to practical considerations, such as immu-
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nity from low frequency noise, separation of DC
L Figure 4.33: Telephone channel ban-
and AC function in telephone electronics and
. . . dlimiting filter.
the use of practical, low-cost analogue circuits,
less than the full 4 kHz bandwidth is transmitted. The characteristics of the telephone
channel can be approximated by a filter. The flter used to approximate the telephone
channel response iu this thesis is 2 high quality bandpass filter with flat passband from
300 to 3400 Hz (the effective bandwidth of telephone transmission). High attenuation
is applied to out of band frequency components by this filter, as shown by its frequency
response in Figure 4.33.
To illustrate the ~™xct that the telephone channel has on the frequency response of
speech signais, Figuré 4.34 shows the spectrum of speech signal m98 before and after
being filtered by he bandlimiting filter. A comment about the spectral estimation

—~
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method used here is now in order. One will certainly notice that the bandpass filter of
Figure 4.33 has a DC attenuation of about 70 dB. However, Figure 4.34 does not show
a corresponding drop in the DC component of the bandpass-filtered speech signal. The
reason is due to the spectrum function’s spectral estimation method. As mentioned
previously. the spectrum function averages together enough shifted 256 pt. DFT’s to
cover the entire speech sequence. Each of the DFT’s is first windowed by a Hanning
window. The effect of this is to introduce some error, especially at very low frequencies,
because not all components of the speech sequence are weighted equally due to the
windowing. The author did verify, using one large DFT, that the actual DC content of
the bandlimited speech sequence does indeed concur with the DC attenuation shown in

Figure 4.33.
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Figure 4.34: Bandlimiting of the speech spectrum.

In the simulations that follow, the speech signals of Appendix B will be filtered with
the bandlimiting filter of Figure 4.33 before being used in the simulations. This should
ensure that the input signals used are a good approximation to actual speech signals
encountered in telephone transmissions. Figure 4.35 shows a simple model of a telephone
communication link between two users on hands-free communication sets. Note that the
input speech-to the adaptive filter (zygsr(n)) is the original speech (zrr(n)) filtered
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by the far end telephone set's transmit response, local Ioop responses, office switch
responses and the near end telephone set’s receive response, and the echo which reaches
the far-end user’s ear (er.g(n)) is the error of the adaptive filter (exz1z(n)) filtered
by the same eleinents as (zr.1g(n)), except in the reverse order. Figure 4.35 indicates
that the frequency shaping applied to speech sign.ls by the telephone network occurs in
many stages. Frequency shaping occurs at the user’s telephone (TX and RX responses
of the set), between the phone set and the central office (CO), at the central office and
at any links and switches between the central offices of the near aud far-end users (if

any).
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Figure 4.35: Filtering of signals by the telephone network.

4.8.4 Bandlimited Speech Results

The simulations presented in Subsection 4.8.2 are presented again, but with ban-
dlimited speech. As discussed in Subsection 4.8.3, the speech signals in a hands-free
communication link are filtered by the telephone channel. This bandlimits the speech,
altering the spectrum of the transmitted signals. This will have an effect on the echo
spectra of the various subband adaptive filtering algorithms, and this effect is studied
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in this subsection. It is the echo signal (er4z(rn)) which reaches the far-end user's ear
which must be evaluated subjectively. Note that the echo signal generated by the adap-
tive filtering simulations is signal exgaz(r). In order to simulate the transmission of
exear(n) to the far end user, where it becomes eg p(n), exgar(n) must be filtered by
the appropriate telephone channel responses. However, since this in effect would just
further attenuate the already extremely low level out of band signal components while

not affecting in band comporents significantiy, this step is omitted in the following work.

Steady State Echo Spectra

Echo magritude (d8)
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Figure 4.36: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

WBN13. Input: m98. Parameters: M = 8, u = 1.0 (all bands), S = 100 (SUG,

WEEQ), 1 < R<3 (SUG),1 £ R<5(WEEQ).

Figures 4.36 to 4.41 show bandlimited echo spectra after convergence for six different
input-room response combinations. The results are different from Subsection 4.§.2 due
to the bandlimiting effect input speech. In particular, the fixed tap assignment echoes
are no longer as dominated by.low frequency echo (echo below 1 kHz) for speakerphone-
room response WBN13. In Subsection 4.8.2, the adaptive tap assignment algorithms
reduced the low frequency echo considerably for WBN1 3‘%%1@ allowing echo everywhere

2
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Figure 4.37: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

WBN13. Input: md{. Parameters: M = 8, z = 1.0 (all bands), $ = 100 (SUG,

WEEQ), 1 < R<3(SUG),1 < R<5(WEEQ).
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Figure 4.38: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:
WBNI3. Input: htf Parameters: M =8, u = 1.0 (all bands), S = 160 (SUG, WEEQ),
I1<R<3(SUG),1<R<L5(WEEQ)..
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Figure 4.39: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:
mc3033. Input: m98. Parameters: M = 8, u = 1.0 (all bands), S = 100 (SUG, WEEQ),
1<R<£3(SUG),1< R<5(WEEQ).
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Figure 4.40: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

mc3033. Input: m54. Parameters: M = 8, u = 1.0 (all bands), S = 100 (SUG, WEEQ),

1< R<3(SUG),1< R<5(WEEQ).
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Figure 4.41: Error spectra for FTA, SUG and WEEQ algorithms. Unknown response:

mc3033. Input: hif. Parameters: M = 8, p = 1.0 (all bands), S = 100 (SUG, WEEQ),

1< R<3(SUG), 1 £ R<5(WEEQ).

else to rise somewhat, in compensation. With bandlimited speech, the adaptive tap
assignment algorithms do not have as dramatic an effect. The fixed tap assignment
echo, after filtering by the bandlimiticg filter, is closer to the desired spectral shape
than it was when natural speech was used as input. Thus, the adaptive tap assignment
algorithms do not effect as much shaping to the echo as they did for the natural speech
case. For the simulations with speakerphone-room response mc39033, the bandlimiting
has not had as much effect as it did for WBN13 since mc3033 is essentially a high-pass
response and the low frequencies of the speech signals were already attenuated.

Conclusion

The WEEQ algorithm still shapes the echo to fit the curve of the absolute hearing
threshold, but there is less difference between the echo of the fixed tap assignment
algorithm and the WEEQ algorithm for bandlimited speech than there was for natural
speech. Due to the low frequency attenuation of the bandlimiting filter, the resultant
echo of the Sugiyama algorithm now tends to contain more high frequency echo than
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mys-WBN12 m5;-WBN!IS hef-WBNI3 mY&-mc2033 m54-mec3033 Atf-mc3032
band | SUG | WEEQ | SUG | WEEQ | SUG | WEEQ | SUG { WEEQ | 5UG | WEEQ | SUG { WEEQ
0 1500 1480 1750 1350 1400 1280 1150 490 1170 510 1030 260
1 600 600 400 500 T30 750 500 150 300 200 1000 490
2 60 65 40 80 100 130 80 70 60 70 7 70
3 50 80 10 80 50 70 250 280 110 90 Tl 20
4 60 65 40 65 50 70 200 <50 120 210 60 360
5 32 10 0 20 32 10 80 330 150 370 80 460
6 32 20 40 65 32 10 S0 460 150 590 40 410
T 40 20 40 20 40 0 100 300 110 00 32 80

Table 4.4: Average distribution of taps for the SUG and WEEQ adaptive tap assign-
ment algorithms after weight vector length convergence (natural speech).

low frequency echo.

4.8.5 Initial Tap Assignment

At first, the taps were assigned equally among the bands and then allowed to con-
verge to whatever solution the algorithm found. After the weight vector lengths of
the algorithm hzd settled, average weight vector lengths were computed for each band.
These steady state weight vector lengths are tabulated in Table 4.4 for natural speech
and Table 4.6 for bandlimited speech. (Note that the averages may not add up exactly
to M- L = 8-300 = 2400 taps.) For natural speech, it is clear that most of the available
taps end up in the lower frequency bands. This allows one to make a better choice of
initial starting weight vector lengths. Choosing weight vector lengths judiciously might
allow the algorithm to find the optimal tap distribution more quickly.

4
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It can be seen from Table 4.4 that band 0 typically receives | band | SUG | WEEQ
the lion’s share of the taps while bands 4 to 7 receive fewer taps | 0 | 1000 | 800
when response WBN13 was being modelled. It makes sense to | 1 600 300
start with an initial tap assignment which favours the likely | 2 | 300 [ 300
outcome of the adaptive tap assignment procedure. Table 4.5 | 3 | 100 | 200
gives an initial tap assignment, based on the numbers of Ta- | * | 100 | 200
ble 4.4, for both the Sugiyama and WEEQ algorithms. Note 5 | 100 | 200
that the initial tap assignment given in Table 4.5 is not as rad- E 12(0] zgg

[

ical as the values of Table 4.4. In order to avoid assigning zero

taps to any band as an initial starting point, each band was Table 4.5: Initial tap

assignment for SUG
and WEEQ.

allowed at least 100 taps, thus restricting the radicality of the
initial tap assignment. To illustrate the effect of the initial tap
assignment, Figure 4.42 shows the weight vector length curve for band 0 of the WEEQ
algorithm for the initial tap assignment of Table 4.5 and for equal initial tap assignment.
Apparently, the initial tap assignment has not really led to faster weight vector length
convergence. The biased initial tap assignment has simply led to greater overshoot in
the weight vector length convergence curve. For response mc3033, the final tap distribu-
tions of Table 4.4 are not even that different from the initial tap assignment of 300 taps
per band so that a biased initial tap assignment would appear to be an unnecessary
addition to the algorithm.

When the algorithms were simuiated using bandlimited speech, as in Subsection 4.8.4,
the final weight vector lengths were different from those of Table 4.4, due to the dif-
ferent spectral content of the input signals and the different weighting applied to the
subband errors (in the case of the WEEQ algorithm). Table 4.6 shows the approximate
final weight vector lengths for the Sugiyama and WEEQ algorithms when trained with
bandlimited speech. Here, the final tap distribution is not even as radical as it was for
most cases in Table 4.4 so that the implementation of a biased initial tap assignment
really does not appear justified.

A
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Figure 4.42: Weight vector lengths of the WEEQ algorithm with biased and unbiased
initial tap assignments versus time for band 0. Unknown response: WBNI13. Input:
m54. Parameters: M =8, u=1.0,5=100,1 < R<5.

m9s-WBNIY m54-WBN!13 htf-WBN12 mI8-me30I3 m54-mcl033 htf-mec3032
band | SUG | WEEQ | SUG | WEEQ | SUG | WEEQ | SUG | WEEQ | SUG | WEEQ | SUG | WEEQ

0 1500 1050 1580 1080 1089 700 1080 380 1000 460 830 200
1 620 740 580 T80 1050 940 640 330 290 270 1050 510
2 60 190 70 170 100 350 90 80 80 80 9 100
3 60 210 60 170 70 110 270 350 210 190 80 290
4 60 80 50 70 70 170 160 300 210 300 80 400
5 32 20 40 €5 40 40 100 320 240 470 180 150
6 32 20 40 80 a2 70 40 360 240 540 10 410
7 32 10 32 10 3R 0 32 20 32 20 32 10

Table 4.6: Average distribution of taps for the SUG and WEEQ adaptive tap assign-
ment algorithms after weight vector length convergence (bandlimited speech).
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4.9 Subband NLMS versus Fullband NLMS

This section presents a brief comparison of the objective performance of the subband
adaptive filtering algorithms with the performance of the NLMS algorithm. Figure 4.43
and Figure 4.44 show steady-state error spectra and averaged ERLE performance, re-
spectively, for the NLMS algorithm and the fixed tap assignment algorithm for input
speech m5{ and room response WBN13. A direct comparison between the NLMS algo-
rithm and the adaptive tap assignment algorithms is not given, but such a coraparison is
not necessary since the adaptive tap assignment algorithms can merely be measured up
against the fixed tap assignment algorithm, and their performance against the NLMS
algorithm then simply inferred from that.
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Figure 4.43: Steady state error spectra for the FTA algorithm and the NLMS algo-

rithm. Input: m54. Unknown response: WBNI1S. u = 1.0 (both algorithms). Tap

assignment: 300 taps/band (FTA) and 300 taps (NLMS).

The lengths of the adaptive filters of each algorithm were chosen to span the same
length of time. Thus, since the subband adaptive filter used no decimation, each of the
subbands in the subband adaptive filter has an adaptive filter of 300 taps, or the same
length as the full-band adaptive filter. Figure 4.43 shows that the NLMS echo contains
significantly more echo than the FTA echo at all frequencies. The ERLE performance
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Figure 4.44: Averaged ERLE for the FTA algorithm and the NLMS algorithm. Input:
m&54. Unknown response: WBNI3. u = 1.0 (both algorithms). Tap assignment: 300
taps/band (FTA) and 300 taps (NLMS).

of the subband adaptive filter here is superior to that of the NLMS algorithm although
this improvement comes at the expense of a2 good deal of additional computational

complexity, as outlined earlier.

4.10 Listening Test Results

The ultimate goal of this thesis was to implement an algorithm which would make use
of the hearing properties of the human ear to shape the error in the least (subjectively
speaking) disturbing manner possible. By shaping the error spectrum to achieve this goal
the performance of the given adaptive filter structure would be maximized. The weighted
error equalizing algorithm (WEEQ algorithm), based on the absolute hearing threshold
curve, has been proposed as just such an algorithm. The objective results presented
thus far have shown how this algorithm was, for the most part, successful in shaping
the error spectrum in the desired manner. The acid test for this algorithm; however,

must be entirely subjective since the whole concept of the WEEQ algorithm is based
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on subjective hearing criteria. To evaluate the performance of the WEEQ algorithm,
informal listening tests were conducted by the author of this thesis. The listening test
set-up and the results of the tests are presented below. These tests were performed
using both natural speech and bandlimited speech. Note that these listening tests were
by no means rigorous and should not be construed as a subjective listening test. In
particular, since the author was the only participant in the tests, the results should only
be interpreted as an indicatior. of the performance of the said algorithms. Further tests .
involving a large group of unbiased listeners and taking into consideration such factors
as listener learning and fatigue would be necessary to make any definitive statements
about the subjective performance of the algorithms studied here.

4.10.1 Listening Test Methods

Ideally, to test apy acoustic echo canceller from a subjective point of view, the
algoritbm must be implemented in real-time on a speakerphone. Figure 4.45 shows the

layout of a real-time testing system.
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Figure 4.45: Real-time hands-free communication link set-up.

Without access to a real-time set-up, a good approximation is to run simulations
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in “batch” mode and then conduct listening tests as follows: the adaptive filter error
sequence, obtained from the non-real-time simulation, is added to the original input
sequence and the composite signal, which shall be called s,...{(n), is evaluated for sub-
jective quality in a listening test. It must be emphasized that there remains some
difference between this “batch™ mode of resting and a real-time test. In the real-time
set-up diagrammed in Figure 4.45 the echo is perceived by the far-end user while he/she
is speaking whereas in the “batch” listening test, the listener passively listens to a com-
posite signal, without doing any speaking. The rationale for adding the input sequence
to the error sequence for the batch listening tests is that when a person speaks they
inherertly hear their own voice as they speak. This speech that is heard by the speaker
is known s “sidetone”. The addition of the input to the error sequence in the batch
tests is a crude way of adding sidetone to the echo signal. The method of generating the
composite test signal s;.q¢(n) is presented in Figure 4.46. Sidetone at a person’s ear may
be at a level 12 dB below that at their mouth (the point of origination) {81]. Thus z(n)
in Figure 4.46 is attenuated by 12 dB before addition to the echo in order to promote

the greatest similarity possible to a real time set-up.
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Figure 4.46: Nonreal-time listening test signal generation.

Once a composite test signal s..,(n) was generated for a given input, room response
and adaptive filtering algorithm, its subjective quality was evaluated by simply listening
to the signal and comparing it to 2 benchmark composite signal for that input and room

response. All listening tests in this thesis were conducted using a single speaker on a
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Pentium PC equipped with a sound blaster card. All audio signals were sampled at
8 kHz using 16 bit quantization. The speakers provide surprisingly good quality sound
considering their size and were sufficient to evaluate the quality of telephone bandwidth
speech. The benchmark compeosite signal, against which other composite signals were
compared, was the fixed tap assignment (FTA) algorithm composite signal. The other
composite signals were generated by the WEEQ algorithm, the Sugivama algorithm and
the NLMS algorithm.

The A factor shown in Figure 4.45 is the delay involved in sending 2 signal across
the communication network. The round-trip delay is 2 - A and the echo generated by
the near-end speakerphone in a hands-free communication link will be delayed by 2- A,
relative to the far-end input speech which generated it, by the time it reaches the far-
end speaker’s ears. This factor varies depending upon the type of communication link
used to connect the two ends of the hands-free communication link. For local telephone
calls, A is a negligible factor whereas if the two ends of the communication system are
linked using a satellite link, A may be on the order of 300 ms. It was mentioned in
Chapter 2 that as the round-trip delay (RTD) of the communication link increases, the
echo becomes subjectively worse even though the ERLE remains the same. To fully test
the effectiveness of the frequency weighting schemes, the composite signals produced by
the various algorithms were evaluated with three different RTD’s: 0 ms (ie. no delay -
local connection}, 100 ms (long distance connectioﬁ), and 300 ms (satellite link).

In order to quantify the results of the listening tests, the quality of the composite
signal for a given adaptive algorithm was classified using one of the following relative

descriptors:
1. SB, significantly better

2. B, slightly better

3. E, equal

e

. W, slightly worse
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5. SW, significantly worse.

All of the relative descriptors above refer to the quality of the composite signal for the
given adaptive algorithm relative to the quality of the composite signal for the fixed
tap assignment subband adaptive filtering algorithm. It should be noted that if two
composite test signals received the same rating, these composite test signals do not
necessarily sound the same. It is quite possible for one to contain more low frequency
echo and the other more high frequency echo. What is indicated, is simply that the
listener (in this case, the author) could not definitely conclude that one composite test
signal had better quality than the other. In evaluating the performance of the adaptive
tap assignment algorithms on an objective basis above, six different icput and room
combinations have been considered. The listening test shall be applied to each of these

six combinations in Subsection 4.10.2.

4.10.2 Natural Speech Results

The listening test results for natural speech | Input and Algorithm
are presented in three segments below. Each room NLMS | SUG | WEEQ
of Tables 4.7, 4.8 and 4.9 gives listening test re- | m96-WBN13| SW | SB | SB
sults for a particular value of A. Table 4.7 gives | m24-WBN13| SW | SB | SB
the results for A = 0, Table 4.8 for A = 100ms hij-WBN13 | SW SB SB
and Table 4.9 for A = 300ms. The entry in the | "o | SW | W | B

- W E
table columns under each particular algorithm m54-me3033 | S E
htf-me3033 | SW | W E

gives the listening test rating of the composite
Table 4.7: Listening test results for

A = O0ms (natural speech).

echo signal in accordance with the rating guide-
lines outlined above.

The adaptive tap assignment algorithms (Sugiyama and WEEQ) consistently out-
performed the fixed tap assignment algorithm in terms of subjective echo quality for
speakerphoae-room response WBN13. For speakerphone-room response mc3033, the
performance of the SUG algorithm was typically slightly worse than the £ TA algorithm
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while the WEEQ algorithm performed equal to the FTA algorithm except when speech
signal m&4 was used in as input. In this case, the WEEQ algorithm managed to slightly
outperform the FTA algorithm. All of the subtand adaptive filtering algorithms out-
performed the NLMS algorithm in terms of subjective echo quality. The difference in
subjective performance between simulations with speakerphone-room response WBN13
and simulations with speakerphone-room response mc3032 is quite marked. The fre-
quency responses of Wi3V13 and mc3033 are given in Appendix A. Note that mc3032
has a somewhat high pass tvpe of response while WBN13 tends more towards low-
pass. One can also see in the Figures from Subsection 4.8.2 that the simulations with
WBN13 show that the SUG and WEEQ algorithms achieve a large reduction in low
frequency echo relative to the FTA algorithm whereas when considering the simulations
with me3033 not as much difference in the spectra of the SUG, WEEQ and FTA al-
gorithms is apparent. It is this large difference in low frequency echo cancellation that
provides for the echo cancellation quality improvements for simulations with WBN13.
The spectral shaping effected by the adaptive tap assignment algorithms in simulations
with mc3033 is, for the most part, not significant enough to be reliably perceived by a

human listener.

Input and Algorithm Input and Algorithm
room NLMS | SUG | WEEQ room NLMS | SUG | WEEQ

mgs-WBN13| SW | SB | SB m9s-WBN13| sw | sB | sB
ms4-WBN13 | SW SB SB ms4-WBN1® | SW SB SB
hif-WBN13 SW SB SB htf-WBN12 SW SB SB
mI8-me3033 | SW w E m98-mc3038 | SW W E
msf-me303% | SW E B m54-mc3033 | SW W B

htf-me3033 | SW | W E hif-mc3083 | SW | W E
Table 4.8: Listening test results for Table 4.9: Listening test results for

A = 100ms (natural speech). A = 300ms (natural speech).
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4.10.3 DBandlimited Speech Results

The listening test results for bandlimited | Input and Algorithm

speech are presented in three segments below. room NLMS | SUG | WEEQ
Each of tables 4.10, 4.11 and 4.12 gives listen- | m95-WBNIZ| SW | B B

ing test results for a particular value of A, Ta- | M24-WBNI3| SW B
ble 4.10 gives the results for A = 0, Table 4.11 | Af-WBN1Z | SW | B

for A = 100ms and Table 4.12 for A = 300ms. | 95-me3033 | SW | W
mo{-me3033 { SW E

htf-mc3033 SW w E

wm|w|w

The entry in the table columns under each par-

ticular algorithm gives the listening test rating
of the composite echo signal in accordance with rable 4.10: Listening test results for

the rating guidelines outlined above. A = 0ms (bandlimited speech).

The listening test results for bandlimited speech are somewhat different than the
results for natural speech. The subband adaptive filtering a.gorithms continued to
outperform the NLMS algorithm but the adaptive tap assignment algorithms did not
outperform the fixed tap assignment algorithm significantly. For simulations with
speakerphone-room response WBN13, the adaptive tap assignment algorithms continued
to outperform the FTA algorithm though the echoes of the SUG and WEEQ algorithms
were no longer significantly better than the FTA echo, just slightly better than the FTA
echo. For simulations with mc8033, the picture remained much the same as for natural
speech. Due to the bandlimiting applied to the speech, some low frequency content was
lost. This lead to echoes with less low frequency content and the gains of the previous
subsection were lost somewhat since there was less low frequency echo to cancel in the
WBN13 case. For the mc3033 case the bandlimiting had less effect since low frequencies
were already quite attenuated by the high pass mc3032 response. The echo spectra
plotted in Subsection 4.8.4 also show that the SUG and WEEQ algorithm do not effect
as much change to the spectrum of the FTA algorithm at low frequeacies for WBN13

as they did in Subsection 4.8.2.
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Input and Algorithm Input and Algorithm
room NLMS | SUG | WEEQ room NLMS | SUG | WEEQ

m98-WBN13 | SW B B m98-WBN13 | SW B B

m54-WBN13| SW | B B m5{-WBN13| SW | B B

htf-WBNI13 | SW B B htf-WBN13 | SW B B

m98-me3033 | SW | W E m98-mc3033 | SW | W E

mif{-me3G33 | SW E B mdf-me3033 | SW E B

htfomc3033 SwW w E htf-me3033 Sw w E
Table 4.11: Listening test results for Table 4.12: Listening test results for
A = 100ms (bandlimited speech). A = 300ms (bandimited speech).

4.11 Summary

This chapter has investigated subband adaptive filtering from a psychoacoustic view-
point. The basic design process of the tree-structured perfect reconstruction filter bank
was briefly summarized. Some facets of the operation of the NLMS algorithm in a non-
stationary environment were explored. Specifically, the tendency of the misadjustment
of the weight vector to vary erratically when the power estimate became small was in-
vestigated. This erraticness in misadjustment was controlled by limiting the step size of
the NLMS algorithm. The limit on step size was calculated according to the theoretical
maximum step size for the fixed step size LMS algorithm. By employing this limit on
step size, misadjustment cf the weight vector was reduced and echo cancellation was
improved. The use of this step size limit was employed both for the fullband NLMS
algorithm and for the subband adaptive filtering algorithm, which employed the NLMS
algorithm for updating the weight vectors of the individual subbands.

Three adaptive tap assignment algorithms were presented. The first, known as the
Sugivama algorithm, was proposed in {58]. The equations of this algorithm were pre-
sented. A similar algorithm, known as the EEQ algorithm, was proposed and described.
The Sugivama and EEQ algorithms share the goal of equalizing the error power among
the subbands. Objective performance evaluations of the two algorithms showed that
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they perform similarly in terms of steady-state echo cancellation and convergence rate.
The absolute hearing threshold curve was introduced as the perceptual hearing crite-
rion by which the echo should be shaped. The WEEQ algorithm. requiring only a slight
modification to the EEQ algorithm, was introduced as the psychoacoustically based
adaptive filtering algorithm which would give the echo the same spectral shape as the
absolute hearing threshold.

Objectively, the WEEQ algorithm created an echo with more echo at lower fre-
quencies than at high frequencies. The spectral shape of the WEEQ echoes complied
approximately with the shape of the absolute hearing threshold curve. The Sugiyama
and EEQ algorithms created echoes with flatter spectra than that of the WEEQ al-
gorithm. The spectra achieved by the FTA algorithm depended upon whether or not
the input speech was bandlimited or not. With natural speech, the FTA echo was very
predominantly Yow frequency in most cases. When the input speech was bandlimited
(characterizing the frequency response of the telephone channel), the fixed tap assign-
ment echo was not as predominantly low frequency. The parameters of the adaptive tap
assignment algorithms and their effect on filter performance was discussed.

A method of subjectively evaluating the quality of echo cancellation of various adap-
tive filtering algorithms was presented. Simple listening tests were applied to the sim-
ulations of this chapter. With natural speech as the input to the adaptive filters, the
adaptive tap assignment algorithms outperformed the fixed tap assignment algorithm
in terms of subjective echo quality for speakerphone-room response WBN13 while for
speakerphone-room response mc3033 there was no clear performance benefit. When
the input speech was bandlimited, the adaptive tap assignment echoes remained of bet-
ter quality than the FTA echoes for WBNI3 but not by as great 2 margin. In some
cases with bandlimited speech and speakerphone-room response mc3033, the Sugiyama
algorithm echocs were worse than the fixed tap assignment echo due to the presence
of more high frequency echo. In all cases, natural or bandlimited speech, the WEEQ
algorithm echo was always as good or better than the echoes of all the other algorithms,
subjectively speaking.



4.11 Summary 167

The reason for the different results when using bardlimited speech as opposed to
natural speech was discussed. The improvement in subjective performance of the adap- |
tive tap assignment algorithms over the fixed tap assignment algorithms for the case
of natural speech was due to the very predominant low frequency echo of the fixed tap
assignment algorithm. The adaptive tap assignment algorithms greatly reduced the
low frequency echo and spread it among the rest of the frequency region. This large
reduction in echo at a very specific spot in the frequency range led to a very percep-
tible improvement in perceptive echo cancellation. With bandlimited speech however,
the fixed tap assignment echo was not as predominantly low frequency and thus the
adaptive tap assignment algorithms did not greatly change the echo spectrum in any
particular place. Without making a large difference to the echo spectrum, the changes
effected by the adaptive tap assignment algorithms were much less audible. This is a
facet of the perceptual abilities of the human ear. Change must be very significant for
the human ear to discern the difference between two signals with the same content (the
same sentence of speech).

In conclusion, the adaptive tap assignment algorithms capable of frequency weighting
presented here provide improved quality (subjectively speaking) echo cancellation under
certain circumstances. In particular, the nature of the room response is very impor-
tant. Significant gains were obtained with a low pass type speakerphone-room response
( WBN13) while little or no gains were obtained with a high pass type speakerphone-room
response (mc3033). The significant gains obtained with natural speech and WBN13 were
also diminished somewhat wﬁ_'e;ix the speech was bandlimited to the frequency range
300 to 3400 Hz to represent the limited bandwidth of conventional telephony.



CHAPTER D

Conclusions

5.1 Discussion of Results

The objective of this thesis has been to design an adaptive filtering algorithm which
could shape the echo spectrum in accordance with perceptual hearing criteria of the
human auditory system. The specific perceptual criterion used was the absolute hearing
threshold curve. The goal was to produce an echo which was as inaudible as possible to
the human ear rather than an echo which had the minimum mathematical error possible.
Two algorithms were proposed to accomplish this frequency weighting of the echo.

A simple modified LMS adaptive filtering algorithm, the filtered-E LMS algorithm,
was presented. Initial hopes that the algorithm would provide frequency weighting of
a speakerphone-room echo were unfulfilled but much energy was concentrated on the
understanding of the workings of the filtered-E LMS algorithm. These results were some-
what baffling since the filtered-E LMS algorithm had been used in two other applications
(active noise control and line echo cancellation) to implement frequency weighting of
the error. The ability of the filtered-E LMS to implement frequency weighting of the
error in some simulations but not others was linked to the nature of the plant response
being modelled. It was found that plant responses with a dominant feature, such as
the low frequency tail of Aybrid! and the transition band of a lowpass filter, were good.
candidates for filtered-E LMS. By de-emphasizing the dominant feature of the plant
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response (the low frequencies of Aybrid! and the transition region of the lowpass filter),
the filtered-E LMS algorithm was able to achieve better echo cancellation at other fre-
quencies. However, if one tries to emphasize the d>minant feature of the plant response,
no additional echo cancellation is gained there. For fairlv “white” plant responses with
no dominant feature, such as WBN13 and mc3033, the FELMS algorithm could not
improve the cancellation in any frequency regions by weighting the error.

Filtered-E LMS performance was investigated from several perspectives. It was
shown that the use of the FELMS algorithm reduced weight vector misadjustment sig-
nificantly relative to the LMS algorithm when the plant response was hybrid! but not
when it was WBNI2 or mc3033. This was linked to the dominant, unmodelled low
frequency tail of Aybrid! which caused misadjustment in the LMS weight vector but not
the FELMS weight vector since it was filtered out by the FELMIS weighting vector. This
effect did not occur for WBN18 or mc3033 since these plant responses had no dominant
feature causing misadjustment ir the LMS weight vector which could be filtered out by
the FELMS weighting vector. It was also shown that in cases where FELMS “worked”,
the weighting filter essentially gave the adaptive filter a shorter plant response for em-
phasized frequencics. In cases where FELMS did not “work”, the effective plant response
length remained the same as the original plant response length even after filtering by
the FELMS weighting filter.

An adaptive tap assignment subband adaptive filtering algorithm has been designed
which can implement an “absolute hearing threshold curve” frequency weighting on the
adaptive filter error. By weighting the error according to the absolute hearing threshold
curve for the human ear, the performance of the subband adaptive filter was improved
relative to the standard fixed tap assignment subband adaptive filter when the input
was natural speech and the unknown system being modelled was speakerphone-room
response WBN13. However, when the unknown response was speakerphone-room re-
sponse mc3033 the adaptive tap assignment algorithms failed to improve the subjective
quality of the echo. In fact, the SUG algorithm worsened the echo by passing con-
siderably more high frequency echo than either the FTA or WEEQ algorithm. The
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unknown response mc3033 can be characterized as a high pass response and this offset
the low frequency dominant characteristics of the speech sequences used in this thesis.
The resultant FTA echo was already fairly close to the shape of the absolute hearing
threshold and the WEEQ algorithm did not provide much additional shaping, result-
ing In an echo of virtually inaudible difference with the FTA echo. With bandlimited
speech, the fixed tap assignment algorithm provided an echo of equal subjective quality
to the WEEQ algorithm for mc3033 and only slightly worse in the case of WBNI3.
The reduction in subjective improvement for bandlimited speech versus that of natural
speech is due to the extra attenuation of the low frequency components in the speech
signal by the bandlimiting effect. The gain in subjective echo quality in the case of
natural speech was due to the fact that the fixed tap assignment algorithm had a pre-
dominantly low frequency echo and the adaptive tap assignment algorithm cancelled
much of this predominantly low frequency echo, redistributing it more evenly, resulting
in a less disturbing echo. With bandlimited speech, much of the low frequency content
of the speech was attenuated by the telephone channel response. Thus, the fixed tap
assignment echo was not as predominantly low frequency as before. The adaptive tap
assignment algorithms performed less shaping on the echo in the bandlimited speech
case and the resultant echoes were, for the most part, subjectively equal to the fixed tap
assignment echoes. The error weighting based on the absolute hearing threshold curve
was found to be superior to a simple unweighted error equalizing algorithm in terms
of subjective quality of the resultant echo. The unweighted adaptive tap assignment
algorithms (the Sugiyama and EEQ algorithms) were found to pass slightly more high
frequency echo than the WEEQ algorithm in some cases. All of the subband adaptive
filtering algorithms were found to outperform the fullband LMS algorithm in terms of
the level of echo cancellation and subjective echo quality.

The EEQ adaptive tap assignment algorithm (upon which the WEEQ algorithm was
based) derived was compared to a similar algorithm in [38] and the performance of the
two algorithms was found to be similar. The algorithm presented here had some small

advantages as far as flexibility in tap assignment was concerned.

t
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In the course of the development of the adaptive tap assignment algorithm for sub-
band adaptive filtering, several observations were made on the nature of the normalized
LMS algorithm in a nonstationary environment. Some solutions (not necessarily orig-
inal) to the problem of nearly unbounded effective step sizes in the NLMS algorithm
were discussed and used throughout the simulations of the subband adaptive filtering

algorithms.

5.2 Future Research

The work of this thesis opens up several avenues of research which can be pursued,
most related to the adaptive filtering algorithms themselves as opposed to the idea of
applying psychoacoustic criteria to acoustic echo cancellation. This idea remains valid
but adaptive filtering algorithms need to be improved in order to make better use of the
fundamental idea of customizing the objective performance function to fit the human
ear.

The unstable nature of the step size in the NLMS algorithm under a nonstationary
environment was discussed in Section 4.4 and some working solutions were proposed and
used to combat the problem. More fundamental research is required into this problem
and perhaps a mathematical analysis can provide more insight into the nature of the
NLMS step size. A more concretely based proposal for controlling the weight vector
misadjustment in a nonstationary environment might be feasible.

The subband adaptive filters used in this thesis did not decimate any of the sub-
band signals. Without decimation, the problems associated with aliasing, as described
in Chapter 2 were avoided. The cost of this is the greatly increased computational
complexity of the resultant filtering structure. Without any subband decimation, it is
- unlikely that the subband adaptive filter structure is a likely candidate to be employed
~ in a commercial acoustic echo canceller, due to the high computational cost.
Noncritical subsampling was proposed as 2 way to forge a compromise between

computational complexity and performance but, in the investigations of this thesis, it
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was found that the performance of the subband adaptive filter was degraded if any
decimation was applied at all. The effects of the decimation became worse and worse
as the decimation rate increased up to the maximal decimation rate of 8.

The decimation rate possible is influenced by the filter bank used and in this case it
is likely that better filters are needed in order to decimate further. The 40 dB stopband
attenuation provided by the filters may be inadequate for acoustic echo cancellation
considering the spectrums of some typical speech signals (see Appendix B). However,
it must be pointed out that the length of the filters used here was already 106 taps and
in order to provide batter filters, even more taps might be needed. The delay inherent
in a filter bank with long filters is already an issue of concern. It would be worth
considering filter bank design procedures which employ direct M-band decomposition
rather than the tree-structured filter bank design procedure employed here. Direct Af-
band decomposition filter banks might provide better filter characteristics for a given
filter length than the tree structured filter bank filters. Obviously this is a very open
field of study right now and requires further work.

In this thesis, M was chosen to be § so that frequency weighting could be investigated
adequately. However, filter banks with fewer bands would have a smaller computﬁtional
complexity, given that the subband signal will not be critically decimated. As well,
better analysis/synthesis filters could be designed for small filter banks for the same
length of analysis/synthesis filter as used here. The adaptive tap assignment algorithms
will likely converge more quickly with a smaller number of bands since the order of the
svstem is smaller. In [38], it can be seen that for an M = 2 subband adaptive filter,
the convergence of the weight vector lengths is indeed very fast. Of course, some sort
of compromise between filter bank size and the ability of the subband adaptive filter to
effect the desired spectral shape of the echo would have to be reached. It is possible
that a filter bank with M = 4 or M = 5 would be sufficient. With some of the newer
A -chanpel filter bank design procedures in the literature, filter banks can be designed
for an arbitrary number of channels. In fact techniques do exist to design nonuniform

filter banks. A nonuniform filter bank need not have equally spaced frequency bands
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in addition to having an arbitrary number of channels. Nonuniform filter bank design
techniques could be used to design a subband adaptive filter with its subbands having
frequency ranges tailor-made to suit the frequency response of the human ear.

The idea of trying to weight the spectral shape of the echo is quite general and
possibilities exist to apply this algorithm to other adaptive filtering structures. Efforts
to apply this idea to a modified LMS adaptive filter (ie. the filtered-E LMS algorithm)
were unsuccessful in an acoustic echo cancellation application but this does not rule out
other algorithms such as transform domain algorithms.

All of the simulations in this thesis were for telephone bandwidth speech (0 to 4 kHz).
| However, in the future, with communication networks destined to be designed for higher
quality transmission, wideband speech (0 to 8 kHz) may become more and more com-
mon. The adaptive tap assignment algorithms proposed here may provide more im-
provement over the fixed tap assignment algorithm if the input is wideband speech.
The improvement would come from the fact that the speech spectrum from 4 kHz to
8 kHz has considerably less energy than the speech spectrum from 0 kHz to 8 kHz.
Thus, fixed tap assignment would give the same number of taps to all of the bands,
right from 0 kHz all the way to 8 kHz. The adaptive tap assignment algorithm, on the
other hand, would have more taps to work with, in the sense that the upper half of the
frequency range would not require many taps. Another important fact to consider is
that, with an 8 kHz bandwidth, a larger portion of the hearing range of the human ear
would be under consideration. In the absolute hearing threshold curve of Figure 4.9 on
page 124, the portion used up until now has consisted of the 0 to 4 kHz range. In this
range, the most noticeable fact is that the human ear’s sensitivity is decreased for low
frequencies. Frdm 1 kHz to 4 kHz, the human ear is essentially at its maximum sensitiv-
ity. This frequency range covers most of the range of telephore bandwidth speech and
when considering the fact that the telephone channel frequency response cuts out much
of the lowest frequency content, there is not ﬁmch room left for the WEEQ algorithm
to work with. However, from 5 kHz to 8 kHz the absolute hearing threshold shows that

the sensitivity of the human ear is again decreasing. A wideband WEEQ algorithm
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could make use of this to push error into both higher and lower frequencies and really
concentrate its echo cancelling power on the most audible frequency region of 1 kHz to
) LHz In summary, the use of the adaptive tap assignment algorithms is expected to
provide more subjective echo quality improvement in the case of wicieband speech than

in the current case of narrowband speech.



APPENDIX A

Speakerphone-room and Hybrid

Responses

This appendix contains plots of the two speakerphone-room responses and the hybrid
response that have been used in the simulations of this thesis. Also included are the ap-
proximate frequency responses of the speakerphone-room set-ups and the hybrid. Note
that all responses are given for 2 sampling frequency of 8 kHz. For each speakerphone-
room response the TIP/TP curve, defined by equation A.1, has also been plotted. The
TIP/TP, or Total Impulse response Power to Tail Power ratio, curve is a measure of the
possible depth of cancellation versus the adaptive filter length [7, 8]. The speakerphore-
room frequency responses plotted here were obtained by taking 2048 pt. DFT’s of the
speakerphone-room time impulse responses.

_ Zizohal?)
TIP/TP =SS (A1)

Speakerphone-room impulse responses were obtaiaed by placing a modified speaker-
phone inside a conference room and measuring primary and reference signals which were
used off-line as inputs to an adaptive filtering algorithm. The resultant adaptive filter
taps, after filter convergence, were used as a stationary model of the impulse response of
the particular speakerphone-room set-up. The reference signal t'vas bandlimited white
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noise (300 to 3400 Hz) sent to the receive line of the speakerphone. The resultant echo,
measured on the transmit line of the speakerphone during and after the application of
the reference signal, was recorded as the primary signal. The techniques used to measure
spcakerphone-room impulse responses are described more fully in |7, 9. 10].

The first speakerphone-room impulse response, referred to as WBN13 and plotted in
Figure A.1, was obtained by placing a high quality prototype speakerphone set (from Bell
Northern Research) in a2 medium sized conference room. The dimensions of the room
were; width: 3.5 m, length: 5.5 m and height: 2.5 m. The room contained a large central
table, several cushioned seats and hard walls. This response was originally obtained by
Knappe {7] and the reader is referred there for the source of the information presented
here. The frequency response of WBN13 is plotted in Figure A.2 and the TIP/TP curve
for WBN13is plotted in Figure A.3.

0 200 @0 600 800 1000 7200 7400 1600 1800 2000
‘ time (n)

Figure A.1: Impulse response of high-quality prototype speakerphone in conference

room WBN13.

The second speakerphone-room impuise response, referred to as me3033 and plotted
in Figure A, was obtained by placing a Northern Telecom speakerphone (model NT8B04AA)
in conference room 3033 of the Minto Building for Advanced Studies in Engineering at
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Figure A.2: Frequency response of speakerphone-room WBN13 set-up.
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Figure A.3: TIP/TP versus L for speakerphone-room WBNI13 set-up.
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Carleton University. The dimensions of the room were; width: 12 ft., length: 18 ft, and
height: 10 ft. The room contained two tables, upon one of which the speakerphone was
placed, and six padded chairs arranged around the table without the speakerphone. The
walls and floor were reflective and the ventilation fan was turned on. This response was
originally obtained by Webster {9} and the reader is referred there for the source of the
information presented here. The frequency response of mc3033 is plotted in Figure A.5
and the TIP/TP curve for me3033 is plotted in Figure A.6.
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Figure A.4: Impulse response of NT speakerphone in conference room mc2033.

The hybrid impulse response hybrid! was obtained from Meek [29] and is plotted in
Figure A.7. The frequency response of hybridI is plotted in Figure A.8.
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Figure A.6: TIP/TP versus L for speakerphone-room mc3033 set-up.
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Figure A.7: Impulse response of hybrid1.
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Figure A.8: Frequency response of hybrid 1.



APPENDIX B

Speech Sequences

This appendix contains plots of the three speech sequences that have beenr used in
the simulations of this thesis. Also included are the averaged frequency spectrums of the
speech sequences. Note that all speech sequences are given for a sampling frequency of
8 kHz. All speech signals used were obtained from Bell Northern Research [63] and were
recorded using 16 bit quantization in an anechoic room. The speech sequences shown in
the following plots are shown in 16 bit integer format with full scale being 2!5. Longer
speech sequences were obtained by concatenating several of the following three speech
sequences together. This technique of obtaining a longer speech sequence was also used
in [9). The three different speech sequences were not mixed ir this process so that a
concatenated version of m98 refers to a sequence containing several copies of sequence
m98 and so on. The lengthened version of m98 is shown in Figure B.7. Lengthened
versions of the other two speech signals are not plotted but take very similar forms.
Frequency responses of the speech signals were obtained using the spectrum program
available with the Matlab signal processing package. The spectrum program computes
N-pt. DFT’s over the length of the given sequence and calculates the averaged square
value of the DFT’s to give the resultant power spectrum. For this thesis, 256 pt. DFT’s
were used. Note that this method of computing the power spectrum was used throughout
the thesis when spectra of echo and input speech signals were required.
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Figure B.1: Speech sequence m98: male uttering the phrase “ten pins were set in

order”.
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Figure B.2: Power spectrum of speech sequence mY8.
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Figure B.3: Speech sequence m54: male uttering the phrase “the play seems dull and
quite stupid”.

& 8 o 8

8

so -

45 <

40 =

aso 0.s 1 15 2 25 3 as 4
Frequency (kHz)

Figure B.4: Power spectrum of speech sequence maJ.
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Figure B.5: Speech sequence htf: female uttering the phrase “looks like it hit the tree”.
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Figure B.6: Power spectrum of speech sequence Atf
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Figure B.7: Concatenated speech sequence m98.



APPENDIX C

A Measure of Weight Vector

Misadjustment

For an FIR weight vector modelling some linear unknown system, where the unknown

system has an impulse response given by:
ha3), for 0<i<oo, (C.1)
the optimum L tap weight vector is given by:
WP = R3LP. (C.2)

This solution is known as the Wiener solution. The autocorrelation matrix Rxx was
defined in Chapter 2. The second vector P is the cross-correlation between the input
vector X(n) and the desired response d(n), defined as follows:

P = E(X(n) - d(n)). (C.3)

It can be shown that if the input z(n) is an uncorrelated white noise process that the
coefficients of the Wiener optimum weight vector W* can also be determined from the

following equation:

w® =hy(i), for i=0,1,---,L—1. ‘ (C4)
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First, equation C.2 is rewitten as:
14 -
RyxW* =P. (C.5)

If z(n) is an uncorrelated white noise process then the autocorrelation matrix Rxx is

simply a diagonal matrix with all of its diagonal elements equal to the variance of the

noise: X _
oz 0 0
0 o2 0
Rxx = 0‘;
0 0 - oF
which reduces to:
Rxx = 0'2 I

where I is the identity matrix. Equation C.5 can then be easily replaced by:
o -WrP =P, (C.6)
The definition of P was given in equation C.3. Expanding equation C.3 gives:
P = Edn)-[z(n) z(n=1) --- ztn—-L+1) ")
= [ E(d(n)-z{n)) E{d(n) -z(n—1)) --- E(d(n)-z(n-L+1)) ]

Equating coefficient i of the left hand side of equation C.6 with coefficient i of the right
hand side of equation C.6 gives:

o2 - w? = E(d(n) - z(n — i)). (C.7)

It is now helpful to express d(n) in terms of z(n) and hy(i) as follows:

d(n) = 3" 2(n - 5) - ha(l). (C8)

=0

Using equation C.8 in equation C.7 gives:

2w = E(x(n-z')'-ix(n-j)-hdm)
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- E(i z(n —1) - z(n - j) - ha(F))

=0

i E(z(n —1i}-z(n - j) - ha(F))

3=0

S he() - E(z(n — i) - z(n - 1)) (C9)
=0

Since z(n) is an uncorrelated white noise process, the following relationship holds:

E(z{n-1i)-z(n-j)) = { Tz t=3 (C.10)
0, i J.

Due to the relationship of equation C.10, only one term in the summation of equation C.9
is non-zero. Using the relationship of equation C.10 in equation C.9 gives the desired
result:

o -wi = ai-hyi)
wi® = hy(i) (C.11)

Thus for an uncorrelated white noise process equations C.2 and C.4 give the same

optimum weight vector W,
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