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Preface

From April 1990 to December 1994, European COST Project#229
“Applications of Digital Signal Processing to Telecommunications”,
promoted cooperation on this subject among many research groups,
including a significant number from Central and Eastern European countries.
This cooperation was focused on six main topics:

+ Adaptive Algorithms
 Array Processing

+ Intelligent Terminals

+ Massively Parallel Computing
» Telepresence

+ Source and Channel Coding

which were addressed in ten workshops, as well as in other contacts and
interchanges.

The objective of COST#229 was to promote the advance of expertise in the
subject areas and to further cooperative initiatives. Numerous results along
both lines were obtained; among these, a book of short technical
contributions edited by V Cappellini and myself was published by the COST
Secretariat. The present volume is another result of the cooperation.

This book comes from a selection of contributions to COST#229 which have
been considered of particular interest, due to their new perspectives on
classical aspects of Digital Signal Processing for Telecommunications, or
because they explore the use of emerging techniques for these purposes. The
contributions have been prepared just for this book, increasing their scope to
give them an additional tutorial value.

A first block of three contributions review the state-of-the-art and introduce
new approaches. These include: “Modeling Techniques for Speech Coding: A
Selected Survey”, by C. Garcia Mateo and D. Docampo-Amoedo; “State of the
Art in Acoustic Echo Cancellation”, by A. Gilloire, E. Moulines, D. Slock and
P. Duhamel; and “Adaptive Arrays for Communications”, by B. Yang, A.
Pérez-Neira and M.A. Lagunas. I am sure that their value as updated guides
and sources of suggestions will be appreciated by the reader.
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“The Theory of Adaptive Filtering in a Random Time-Varying
Environment”, by O. Macchi, and “Performance of Adaptive Receivers in a
Mobile Environment” by G. Castellini, E. del Re, and L. Pierucci, are
extensive presentations of new points of view on classical problems.
Needless to say, these perspectives will allow the reader both a better
understanding and a series of research avenues in these fields.

Finally, we have three works which address the application of neural
networks and fractals to equalization and image processing: “Channel
Equalization with Neural Networks”, by J. Cid-Sueiro and A.R. Figueiras-
Vidal; “Image Coding Using Artificial Neural Networks”, by S. Carrato, S.
Marsi, G. Ramponi and G. Sicuranza; and “Fractals, Multifractals, and Digital
Images:, by D.D. Giusto. I am sure that these pages will stimulate further
research around these very recent advances.

This book, along with the many other results from COST#229, would not be
possible without the efficient and friendly cooperation of many coworkers.
My memory, and not my heart, will be responsible for any omission in the
following list of especially active people: M. Kunt, J.-M. Vesin, D. Docampo,
M. Najim, K. Fazekas, V. Cappellini, A.M.E.S. Casimiro, J.F. Tasic, and R.
Forchheimer. My gratitude to them and to all the participants.

AR. Figueiras-Vidal
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State of the Art in Acoustic Echo
Cancellation

André Gilloire*, Eric Moulines**, Dirk Slock*** and Pierre Duhamel**

* France Telecom - CNET/LAA/TSS/CMC
Technopole Anticipa, 2 Av. Pierre Marzin, 22307 Lannion cedex

** ENST, Département Signal,
46 rue Barrault, 75634 Paris Cedex 13

*** Institut EURECOM, B.P. 193, 06904 Sophia Antipolis Cedex
FRANCE

1 Introduction

Hands-free speech communication, i.e. speaking and listening through an audio
terminal device without the help of a hand-set, is a concept which appeared
many years ago. Indeed, the problem of acoustic echo control is crucial for the
design of audio terminals operating in hands-free mode such as hands-free tele-
phone sets, teleconference systems, videoconferencing devices.... The acoustic
echo control can be performed by more or less elaborate devices. The simplest
implementations make use of echo suppressors which introduce variable losses on
the send and receive paths: these devices do not allow a real full-duplex com-
munication and often fail to operate in noisy environments. A clearly better
solution consists in using an adaptive echo canceller, which constructs a replica
of the actual acoustic echo path by means of an adaptive filtering method, in a
way similar to “electric” echo cancellers installed in the telephone network to get
rid of the hybrid mismatches [86]. Despite its apparent simplicity, acoustic echo
control is presumably one of the most difficult and challenging signal processing
tasks. Many research efforts are presently ongoing on this topic in communi-
cation and signal processing laboratories around the world. More than ninety
publications mainly from the last two and a half years support this statement
(34, 35].
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The origin of the acoustic echo is well understood. The acoustic echo arises
from the sound propagation through the acoustic path between the loudspeaker
and the microphone included in audio terminals, The speech coniing from the
distant terminal is fed back to the distant user, thus disturbing normal speaking
when the round-trip transmission delay in the network is larger than 20-30 mil-
liseconds. Moreover, instabilities may arise in the loop made by the terminals
at both ends connected through the transmission network (Larsen effect); this
phenomenon prevents the use of large gains on the loudspeakers, which would
be useful in some applications. Since, with good quality loudspeakers and mi-
crophones, the whole system is almost linear, the acoustic echo path from the
loudspeaker to the microphone can be completely characterized by its impulse
response. Such impulse responses show typically a very large number of coef-
ficients (ranging from several hundred to several thousand, depending on the
considered application); moreover, these impulse responses vary in time, as a
consequence of the modification of the acoustical characteristics of the enclosure
(windows opening, motions of physical objects,...). Models of the acoustic echo
path which are more or less closely connected to the physical phenomena can
be used; however, those models do not lead (to date) to practical solutions for
acoustic echo control. Thus, the impulse response is commonly used as & basic
model to implement acoustic echo cancellers.

Acoustic echo cancellation is a system identification problem dealing with
long, non-stationary impulse responses and high, non-stationary noise at the
observable output; the theory of adaptive filtering yields general solutions to
approach these problems. According to the specificities of acoustic echo control,
a special emphasis must be put on cheap and practical solution: typically, a
standard RLS algorithm is not applicable to this problem, because it would
typically require a processor yielding several Gigaflops/sec. Even with the last
generation of digital signal processors (DSPs), the complexity of the standard
LMS algorithm still defines the order of magnitude of what can be implemented
in real-time. This need for specially designed solutions has led during the last
decade to new types of adaptive filtering schemes (e.g. sub-bands, transform
domain, affine projection) and/or to significant algorithmic improvements (e.g.
stabilization of fast RLS, fast Newton RLS, fast block RLS, etc... %

The paper is organized as follows. In section 2, the applications of acous-
tic echo control are presented, In Section 3, the characteristics of the acoustic
echo are reviewed: basic solutions to deal with this problem are discussed. In
section 4, the standard normalized LMS algorithm is presented and its basic
properties are reviewed. Several improvements (in terms of performance and Jor
computational complexity) are discussed. A special emphasis is put on block
versions, which lead to efficient implementations. In Section 5, the stabilized
versions of the fast RLS algorithm are introduced. Some approaches to com-
plexity reduction are then presented (in particular, the block versions, featuring
fast convolution). In section 6, several algorithms which (loosely speaking) ‘lie
somewhere in between' LMS and RLS (both in terms of complexity and perfor-
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mance) are presented.

Note that the performance data given in the paper do not contain the usual
learning curves. The reason is that such curves are very dependent on the input
and output signals as well as on the initial conditions applied to the algorithms;
therefore it is thought that comparisons between the algorithms based on such
curves are not very reliable, unless done on very large data hases. Typical
convergence curves can be found in a large part of the referenced papers. A
methodology for comparison of AEC algorithms, which is based on a set of
specific criteria, is presented in [62]. The problem of performance specification
and measurement of acoustic echo control devices operating in real equipment
is addressed in [31].

2 Applications of the acoustic echo control

Hands-free operation is a desirable feature in speech communication; it can be
mandatory for safety reasons in some applications like mobile radio telephones
in cars. In our presentation, we distinguish two families of applications: group
andio terminals and hands-free (individual) telephony.

Group audio terminals typically include at ‘the upper scale end’ teleconfer-
ence systems and at ‘the low scale end’ audioconference sets. Teleconference
systems are generally expensive equipments installed in specially suited rooms,
and they aim at high speech quality. Most often both speech and images are
transmitted (videoconferencing). Many existing equipments of this kind still
yield communications of limited quality, since interactivity and sound natural-
ness are impaired by narrow speech bandwidth, monophonic transmission, sim-
ple acoustic echo control. It is thought that future systems will offer much better
speech (and image) quality; thus, efficient acoustic echo control will be needed.
Audioconference sets are small size equipments which can be installed in rooms
without specific acoustic arrangements. The speech quality must be sufficiently
good to allow discussions and meetings; therefore the acoustic design and the
echo control in these equipments must be carefully studied. Audioconference
sets offering connection to the ISDN are beginning to appear on the market;
they are able to transmit wide-band as well as narrow-band speech. The cost
for this kind of equipment is more critical than the cost of usual teleconference
systems. Between these two extremes, a range of products have been designed
to offer simplified and cheaper teleconference facilities, without sacrifying the
speech transmission quality.

In hands-free telephony (suited to individual use, as a contrast to group
audio terminals discussed above), we distinguish between telephones allowing
hands-free operation for office and home, hands-free mobile radio telephones,
and videophones. One can add to that list cordless telephones which, although
not necessarily of hands-free type, may need acoustic echo control because the
microphone is generally very near to the earpiece in these devices. Indeed, the
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users of these tiny handsets often keep the earpiece loosely coupled to the ear,
which leads to significant sound transmission from the earpiece to the micro-
phone. In these applications, speech quality is less stringent than in group
audio terminals since reference to standard telephone quality is natural and be-
cause the duration of communications is generally much shorter (a few minutes).
However, efficient acoustic echo control is necessary: one reason is that commu-
nication with a standard telephone set on the distant side needs large acoustic
echo attenuation since one is very sensitive to echo when speaking and listening
through a telephone handset. Among the specificities of these applications, one
may list the following problems:

o videophones: the synchronisation between lips movements and speech ne-
cessitates the introduction of a delay to compensate for the delay of the
video coder which is generally large (150-300 msec in typical systems).
However, the requirements in terms of residual echo become more and
more stringent when the delay increases. Hence, acoustic echo control is
necessary even in situations where the absolute level of echo is low, due
to the delay in the system.

e mobile radio hands-free telephones: the round-trip delay in the network
(up to 180 ms in the GSM) makes acoustic echo control necessary; when
these equipments are used in cars, the acoustic echo control algorithms
should be designed to be robust against the acoustic noise picked up by
the microphone. Since these equipments are intended to be used by large
numbers of customers, they should also be very cheap. Thus designing
such equipments with both low cost and satisfactory quality as objectives
is still challenging.

3 Strategies for acoustic echo control

3.1 Characteristics of the acoustic echo

Figure 1 describes schematically one side of a communication where a hands-
free audio terminal is operating. Three acoustic paths are shown: the send
path (from the mouth of the local user to the microphone), the receive path
(from the loudspeaker to the ears of the local user) and the echo path (from
the loudspeaker to the microphone). Ideally, the send and receive paths should
be transparent, i.e. they should produce no modification on the send speech
and receive speech, respectively. This objective can be approximately obtained
by proper choice of the types and positions of the electroacoustic transducers
(microphone and loudspeaker).

The acoustic echo path contains both the direct sound propagation path from
the loudspeaker to the microphone and the sound waves coming from the loud-
speaker which are reflected on the walls and on the objects (furniture, people)

Google Exhibit 1012
Page 0013



49

Receive In

Send Out
—>

Figure 1: Model of a hands-free communication showing the three acoustic paths
involved: S (send path), R (receive path), E (echo path)

present in the room, and which are picked up by the microphone. The char-
acteristics of the echo path depend on many factors, such as the bandpass and
directivity patterns of the loudspeaker and microphone, the distance between
these two transducers, the acoustic characteristics of the room (reverberation
time), etc. Due to the difficulty of finding an accurate physical model of the
echo phenomenon, and to the risk of using an echo cancellation system which
would rely too much on specific assumptions, a “black box” model such as the
impulse response seems more relevant. This model is used in the sequel, and
has the following main characteristics:

o the significant part (i.e. above the noise level) of the impulse response
has a very large number of coefficients, ranging typically from 200 for a
hands-free telephone in a car (corresponding to about 30 ms, sampled at
8 kHz, due to the short reverberation time in the car enclosure) to 8000
in a large conference room (500 ms, sampled at 16 kHz);

the impulse response varies in time: these variations are consequences of
the movements of the physical objects in the enclosure, which modify the
acoustic characteristics of the echo path;

the input (receive in) signal is speech, which is a non-stationary signal with
large spectral dynamics (most of the speech signal power is concentrated
in the low-frequency range);

the output (send out) of the acoustic channel is subject to disturbances,
in particular, speech uttered by the local speaker and backgound noise
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(which can be particularly strong in car environments).

Two typical examples of acoustic echo path impulse responses are shown in
figures 2 (teleconference) and 3 (hands-free telephone). Both impulse responses
are sampled at 16 kHz (wide band speech).

impulsa response value

" s " . i i :
o 500 1000 1500 2000 2500 3000 3500 4000
nb, sample

Figure 2: Impulse response: teleconference room

impulse response vaiue

i I . L a . L
] 500 1000 1500 2000 2500 3000 3500 4000
nb sample

Figure 3: Impulse response: hands-free telephone

Note that the shapes of the two impulse responses are different. The first
one (figure 2) was measured in a teleconference room, including the loudspeaker
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and the microphones of the teleconference equipment; it has no strongly dom-
inant spike, because the arrangement of the microphones with respect to the
loudspeaker results in a low direct acoustic echo path, and it exhibits progressive
decay according to the reverberation characteristics of the room. The second
one (figure 3) was obtained with a hands-free telephone in an office; it exhibits
a large spike at its beginning, which corresponds to the direct acoustic path
from the loudspeaker to the microphone (they are very close in this terminal);
the decaying part is less apparent than in the first example, although it also
exists. Note also that the peak amplitudes of the two impulse responses are
quite different, although the send and receive levels in both equipments were
aligned to the same values. As a consequence, the hands-free telephone is more
subject to howling (Larsen effect) than the teleconference system. These two
examples show that the characteristics of the echo path may be very different
according to the type of terminal considered. Consequently, particular echo
control techniques must be chosen according to those characteristics.

3.2 Techniques for acoustic echo control
3.2.1 Echo suppressor

Many signal processing techniques can be used for acoustic echo control. The
simplest one is the so-called echo-suppressor which operates by switching the
gains or inserting losses either on the receive side or on the send side according
to the presence of speech coming from the local user or from the distant user,
respectively. A device performing echo control according to this method is
shown on figure 4 [28]. AVS and AVR are variable losses which are continuously
adjusted by the controller CGV, according to the signal levels measured on
the receive and send sides. Such devices are presently available in the form of
cheap ICs, and they are extensively used in low-cost hands-free telephones. The
drawback of this simple echo control technique is that the interactivity between
speakers during the communication is impaired: beginnings of words may be
clipped and double talk is difficult, especially in case of long delays because
large attenuations are then needed to avoid echo.

3.2.2 Adaptive echo canceller

Acoustic echo cancellation works by forming in an adaptive manner a replica of
the echo path. The problem can be seen as an input-output adaptive identifi-
cation problem of a linear filter. Considering that the impulse response to be
identified is typically very long, it appears quite obvious that an IIR filter should
be used for modelling this system. However, the large number of parameters
necessary to approximate an enclosure with sufficient accuracy combined with
the fact that the filter has to be adaptive, seems to be prohibitive. A working
implementation using an IIR filter is unknown so far (see [60]; the possible ad-
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Receive in
D]— AVR
T

caGv

d
AVS Send out ;

Figure 4: Simple acoustic echo control device using variable losses on the send
and receive signal paths

equation of IIR filter is discussed in [99, 54]). In the sequel, we consider only
finite impulse response adaptive filters.

Some specific characteristics of the acoustic echo control problem
The acoustic echo control application induces specific requirements that must
be satisfied by the adaptive algorithm; these requirements are listed below:

e Robustness: Stability must be guaranteed, especially against finite preci-
sion effects (numerical stability). Robustness against output disturbances
(noise and local speech) is mandatory. Besides, good convergence speed
and tracking capability are desirable features, as well as low residual error
(these objectives cannot usually be met at the same time and some kind of
trade-off should be considered). Note that the residual error requirements
are not so severe that they would be hardly met with stationary signals
and reasonable length filters. However, these two characteristics (speech
as an input and very long filters) make the residual error requirement
difficult.

e Quality and Delay: Since speech quality must comply with the standards
corresponding to the application (e.g. telephony), the distortion of the
transmitted speech must be limited to acceptable values. Another point
is the overall delay in the communication: transmission planning rules
impose limitation of the delay [24]; therefore the processing delay in the
echo control devices must be generally made as low as possible. According
to typical requirements found in [25], the delay should not exceed 16 ms
in each direction of speech transmission for end-to-end digital communi-
cations (e.g. through ISDN), and 2 ms for connections including analog
links (note that these limiting values are provisional).
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e Cost: Low computational complexity is desirable to obtain cheap equip-
ments; therefore the possibility to easily implement adaptive filtering al-
gorithms on general purpose or custom DSPs is of prime importance.

The acoustic echo control “glue” : Additional devices can be used to
prevent howling which may occur during fast echo path variation for example.
These devices are usually based on frequency shifting (3] or time-scale modifi-
cations techniques [97]. Besides, if the background noise is sufficiently small,
the residual echo can be completely cancelled by non-linear devices such as
center-clippers which suppress low amplitude signals.

To increase the echo rejection, the adaptive echo canceller is often associated
with an echo suppressor: since the job is shared between both devices, the task
is easier for the canceller, while the losses introduced by the suppressor are
smaller, thus lowering the drawbacks (interactivity impairment) of such devices.
Full-duplex communication is thus possible.

4 Adaptive filter basics

Notations : In the sequel, upper case letters stand for frequency-domain
variables, lower case letters stand for time-domain variables, boldface fonts are
used to denote vectors and matrices. Superscript T', * and H denote respectively
the transpose, the complex conjugate and the complex conjugate transpose.
Onxar and Iy represent respectively the zero matrix and the diagonal matrix
having its elements equal to one, the subscript indicating their dimension. I
is the identity matrix Iy in the case M = N. Oy stands for the zero vector of
dimension N.

Adaptive Filters : The adaptive filter differs from fixed filters in that the
filter coefficients are varied with time as a function of the filter input(s) (figure
5). There are two input time series: z(t) the filter input (the received speech in
acoustic echo control problems) and d(t) the desired response (the microphone
signal). The transversal (FIR) adaptive filter shown forms an L-term time-
varying linear combination of z(t), z(t—1),...,2z(t — L+1) to estimate d(t). The
coefficients in this combination are denoted h(t) = [ho(t), ha(t), ..., hr-1(t))T.
An error sequence is formed by:

(0.}
~

5
-

Il

-1

d(t) = Y hi(t)z(t — k) = d(t) — h(t)Tx(t) (1)
k=0

x(t) = [z@t),z(t—1),...,z(t - L+ 1T

The error sequence and x(t) are input to an adaptive algorithm that recursively
determines h(t +1). More generally, 2(t) could be a px 1 vector and d(t) a gx 1
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vector, yielding h(t) a ¢ x p matrix. This situation occurs frequently in practical
applications and is referred to as ‘multichannel adaptive filter’. However, this
paper is concerned with the simplest case p = ¢ = 1, the general multichanne]
case introducing specific problems which are not fully solved yet. Note also
that, in acoustic echo cancellation, the filter output y(t) = h(t)Tx(t) is of most
interest as opposed to h(t).

adaptive algorithm

Figure 5: Transversal adaptive filter

Although many performance criteria have been suggested for adaptive al-
gorithms, in practice the minimum mean-square error (MMSE) criterion is the
most commonly used and we therefore consider in this chapter only algorithms
that try to approximate the MMSE performance.

The MMSE criterion determines the h(t) that minimizes the mean-square
error, E(e(t)?), where E(.) denotes the statistical expectation:

MMSE = r}rll(i:;E(e(t)2) (2)

Denote R the input signal autocovariance matrix, R(t) = E(x(¢)x(¢)7), and p
the cross-covariance vector, p(t) = E(x(t)d(t)). The solution of Eq.(2) is easily
found as:

h'(t) = R(t)"'p(t) 3)

In practice, statistical quantities such as R(t) and p(t) are not available,
and the adaptive algorithm must estimate these quantites or their equivalents.
There are two major categories of algorithms that try to approximate Eq.(3) by
making use of only the observed time-series z(t) and d(t). These categories are
the stochastic gradient (Least Mean Square, LMS) algorithms and the recursive
least-squares (RLS) algorithms. Both LMS-like and RLS-like algorithms can be
implemented either in a sample-by-sample form (the adaptive filter coefficients
are updated at every sampling period) or in a block-by-block form (the adaptive
filter coefficients are kept constant over a block of N successive sampling periods
and updated once at the end of the block). Each of these techniques and the
possible variants around these schemes are discussed below.
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5 The Least-Mean-Squares (LMS) algorithms
for acoustic echo cancellation

5.1 The Least-Mean-Squares algorithm (LMS)
5.1.1 Algorithm derivation

The LMS algorithm is the most popular technique for adaptive filtering ap-
plications. Its simplicity and ease of implementation make this algorithm an
attractive solution for many practical problems: most commercially available
acoustic echo cancellers are based on it.

The LMS algorithm was introduced to the engineering community in a land-
mark paper by Widrow and Hoff [94]; it is a predecessor of the recursive-least
square (RLS) algorithm. It is based on a gradient search technique for minimiz-
ing the MMSE. The adaptive filter equations are:

e(t) = d(t) ~h(t—1)Tx(t) (4)
R(t) = h(t—1)+ ul(t)  x(t)e(t)

p is referred to as the adaptation step (see below). I'(t) is the gradient nor-
malization matrix; in most implementations, it is chosen to be diagonal to keep
the computational load as low as possible. The simplest choice I'(t) = I, corre-
sponds to the standard LMS algorithm. A slightly more sophisticated approach
consists in adapting I'(t) = v(¢)I. with respect to the input signal energy:

w={7" llx(t)l)?/L sliding window NLMS 5)
= ay(t—1)+ (1 — a)z(t)? exponential window NLMS

The resulting algorithm, referred to as the NLMS (standing for Normalized
LMS) takes into account the variations accross time of the input signal power.
This feature is essential for acoustic echo control because the input signal
(speech) is highly non-stationary. Other potential choices, including power nor-
malization in addition with other strategies are described below. This section
mainly focuses on the NLMS algorithm.

In the context of acoustic echo cancellation, the main advantage of the
NLMS adaptive filter is its computational simplicity (of the order of 2L multiply-
accumulate operations per input data pair z(t), d(¢), or per iteration). Moreover,
since it is numerically stable, it can be implemented in fixed point without par-
ticular precautions. Another advantage is that the processing delay does not
exceed one sample.

5.1.2 Performance

A key issue in the analysis of any stochastic algorithm is the question of con-
vergence. The properties of the NLMS algorithm have been studied extensively,
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at various levels of mathematical rigor. In this section, we only list results that
are useful to the system designer as rules of thumb for expected performance.

Steady-state misadjustement and stability : By substituting Eq.(3) into
Eq.(2) one obtains the MMSE (minimum mean square error)

otse = B(d(t)?) — p(t) R(t)'p(?) (6)

which is the lower bound to be approached by the adaptive filter. Assume
that the input time-series z(t),d(t) are jointly stationary. Under the so-called
‘independence assumption’, it may be shown that, after a time period sufficiently
long for the adaptive filter to have converged, the variance of the error signal
€(t) is given by:

uL
0! = E(e(t)?) = otmse + 2—_;1—;01%1»43}3 (")

where d(t) and z(t) are implicitely assumed to be zero-mean. The lower bound
can thus be approximated with an arbitrary precision by appropriately chosing
p. Often cited quantities related to Eq.(7) are the Excess Mean Square Error

(EMSE),
def uL
OMSE = 07 — OMMSE = Q—_TEUI%AMSE (8)

and the misadjustment factor

M= _—"EEMSE . 9)
oyumse 2~ KL

Note that the step size should satisfy:

2
O<u< I (10)
in order oZyc be positive. If u falls outside this range, the adaptive filter may
be shown to diverge. Second, as u decreases, the performance improves for fixed
L, o¥nse I L, o¥vsk increase at fixed p, the performance degrades, or y must
be chosen smaller (slower convergence and tracking) to maintain the desired
level of performance. *

IThese results hold under the independence assumption, which fails to be verified in the present
context. Despite this fact, the dependencies predicted by using this oversimplified theory agree
qualitatively but not exactly with what is observed in practice. In particular, the bound Eq.(10) is
usually a bit too optimistic...[79]
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Initial convergence : Another measure of adaptive filter performance is the
duration of the initial learning period or, equivalently, the rate of convergence
towards the steady-state values. This decay can be shown to be exponential
for the NLMS algorithm. Loosely speaking, the convergence speed is related
to the condition number of the (L x L) covariance matrix of the input signal
R(t) = BE(x(t)x(t)T). For large L, this condition number can be approximated
by the spectral dynamic, defined as the ratio of the maximum to the minimum
of the spectral density function. For speech, this ratio may be very high (values
ranging from 1000 to 10000 are not uncommon). This is critical not only for
the initial convergence, but also for the robustness against output disturbances
(noise for example), since it takes time to reconverge after segments exhibiting
low output signal-to-noise ratios {29].

Tracking lag-error : In the above analysis the input time-series z(¢) and d(t)
have been assumed to be jointly stationary (in this case, the MMSE solution
h'(t) is constant). In some situations however, h(t) varies in time. A first-order
Markov process (vector-random walk) is often used to model the time variation
of hO(¢), that is

Ot +1) = hO(¢) + yw(t) (11)

where w(t) is a white noise with E(w(t)w(t)7) = I;. Under the independence
assumptions, it may be shown that the excess mean square error is given by:

wL y202L
TEMSE = (mﬁmm) + ( 2 (12)

where 02 = E(z(t)?); the second-term is called the ‘lag’ excess-mean square
error. It is important (and intuitive) to note that decreasing p improves the first
term but degrades the lag term. The trade-off between steady-state stationary
performance and tracking is classic and characteristic of all adaptive algorithms.
If too many data are averaged (u < 1) the variations of h%(¢) are not adequately
modelled; if too little data (larger u) are averaged, the tracking improves but
large fluctuations about the desired solution occur.

5.1.3 Comments

The NLMS adaptive filter is currently easily implemented in standard DSPs
and ASICS; it is also available in the form of specialized DSPs which can be
cascaded to build large adaptive filters. This algorithm can be considered as
the state of the art for the design of low-end to medium-range audio terminals
which are commercially available now. Its proper operation in the context of
acoustic echo cancellation requires fairly elaborated mechanisms (voice activity
detection, double-talk detection, decision strategy, ...) for the control of the
adaptation step size [40]: surprisingly enough, the control strategy may take
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much more code than the echo-canceller device, and thus much more time to be
developped.

To conclude with the basic NLMS adaptive filter, one can say that it is a
simple and effective solution which works reasonably well provided that (i) the
acoustical environment is favourable (low background noise, short reverberation
time) and (ii) the quality requirements are moderate. As outlined above, the
results strongly depend on the ‘signal processing glue’ added for handling the
control of the algorithm.

5.2 Some simple variants

Some improvements of the NLMS algorithm have been proposed which are based
mainly on the optimization of the adaptation step size in the purpose to track
more closely the variations in time of the impulse response.

A first method consists in detecting the segments of the impulse response
which exhibit the most significant variations in time. The strategy consists in
increasing the step-size corresponding to these segments (note that the scalar
step size in Eq.(4) becomes a (L x L) diagonal matrix; the rest of the recursions
is kept untouched) [71]. A significant drawback is that the algorithm requires a
detection of the critical segments, which is not an easy task. Another possibility
is to adapt each coefficient with an optimized step-size according to typical
variations of the impulse response [48] (which is known to decay exponentially,
at least when the tail of the impulse response is considered). Setting these step
sizes proportional to the expected variations in the enclosure impulse response,
Makino reports that the speed of convergence can be doubled [50].

Another approach, pursued independently by several researchers, consists
in adapting the step size by means of a secondary adaptive algorithm, aiming
at minimizing the squared a priori errors with respect to the step size (see
Matthews and Xe [61]). Applications to acoustic echo control are detailed in
Sugayama [89]. Results presented by the authors are very encouraging: however,
a practical validation of these methods in real applications remains to be done.
Also, the complexity is increased (typically L multiplications/sample more).

Another (former) technique yielding a straightforward (but limited) reduc-
tion of the computational load, consists in adapting cyclically, at each sampling
period, a subset of the filter coefficients instead of the whole filter [32]. This
simple strategy, however, noticeably impairs the adaptive behaviour of the al-
gorithm.

6 The recursive least-squares (RLS) algorithm

Recursive least-squares (RLS) algorithms are high-performance adaptive filter-
ing methods that often converge and track significantly faster than the stochas-
tic gradient method. The trade-off for improved performance is usually an
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increase in the cost of implementation. Fortunately, fast versions (FRLS) of the
RLS algorithms are now available which have complexities of the order of O(L)
[22, 16, 14]. Note that only ‘direct forms’ of transversal adaptive filters are
usually considered for acoustic echo cancellation. Lattice filters are not used:
one reason is that they involve divisions which are expensive in real-time imple-
mentations. The propagation of the inverse autocorrelation matrix in the RLS
algorithms is replaced in the FRLS algorithms by the computation of a ‘Kalman
gain’ within a prediction framework.

The fast convergence of the FRLS algorithms is of particular interest in
acoustic echo cancellation since it is independent of the spectral characteristics
of the speech signal at the system input. Fast convergence leads to quick initial
acquisition of the impulse response and increases robustness against output
disturbances, as discussed above.

6.1 Algorithm derivation

RLS algorithms approximate the MMSE criterion by a weighted sum (sample
average) of squared errors:

t
i 2} &~ mi Wi —h(s)Tx(s))?
I}Jrll(ltr)lE(e(t) )~r}r11(1t1)1 s§=0 (s)(d(s) —h(s)"x(s)) (13)

There are two ways of windowing the sum of squared errors that are commonly
used. In the first method, called the exponential windowing approach, the win-
dow is wy(s) = A*™* (0 < s < t), where 0 < A <1 is the forgetting factor (recent
data are given greater importance than old data). It determines the trade-off
between the tracking error and the excess error. In the second method, called
the sliding window method, wy(s) =1 for t —m < s <, wy(s) = 0 otherwise.
The constant m determines the window length and thus the trade-off between
tracking and excess error.

Table 1 summarizes a direct O(L?) implementation of the RLS (exponentially
weighted, prewindowed) algorithm. The quantities ¢(t) and ~(t) are called the
Kalman gain and the likelihood variable respectively. Of course, for long filters,
a computational complexity that increases in proportion to the square of the
filter order is unacceptable. It is easily seen (see table 1) that updating the
gain vector c(t) requires most of the computations. Given this gain vector,
the rest of the algorithm involves only 2L multiplications and additions. To
reduce the complexity of the algorithm it is necessary, therefore, to simplify the
gain update. Using the special structure of the matrix R~!(t), it is possible to
derive a gain update formula with complexity proportional to L rather than L?
operations. This so-called ‘fast’ algorithm is described in more details in [16]
and will be recalled below.
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Riccati equation part
c(t) = MR (t-1)x(t)
) = 1+ ()x(2)
R7(t) = A R(t—1) — c(t)y(t)cT(¢)
filtering part
e(t) = d(t)-hT(t-1)x(t)
h(t) = h(t-1) + e(t)y(t)c(t)

Table 1: The RLS algorithm.

6.2 Performance of RLS adaptive algorithms
We restrict the discussion to the exponentially weighted RLS algorithm.

Steady-state misadjustement and stability : Provided the input time-
series z(t) and d(t) are jointly stationary and A very close to unity, the variance
of the error signal in the steady-state after all the learning transients have
decayed is approximated by:

1—-A
o = opmse + (Ll-l-—)\) OMMSE (14)

where the second-term is the excess mean square error, which is independent
on the input signal power o2. Letting A — 1 (i.e. reducing the adaptation
capability of the algorithm) yields in this context the best performance. Note

that the factor (1 — A) plays the same role as u for the NLMS.

Initial convergence : The RLS algorithm converges very fast. This can be
best illustrated by considering the noise-free case (o2cp = 0). In this case we
get

ol =0, t>L-1. (15)

Indeed, it suffices for the criterion in Eq.(13) to become well determined (non-
singular) for its solution to equal the unknown filter to be identified. So in the
noise-free case, convergence can be exactly achieved after a finite time span.
In practice, this ideal convergence will not be achieved, even if no noise were
present. This is due to the initialization of the RLS algorithm: R(-1) =Ry > 0
(Ro = 61 often, for some small § > 0), h(—1) = hy (= 0 often). The goal
of the initialization is to render the least-squares problem well defined from the
first data sample onwards. However, it biases slightly the least-squares solution.
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Another, more important, perturbation comes from the so-called prewindowing
assumption which is often used in fast algorithms (such as the FTF algorithm
discussed below). In the prewindowing assumption, the signals are assumed to
be zero before time zero. A version of the FTF algorithm (the so-called grow-
ing window covariance method) exists which does not make the prewindowing
assumption, but is more complex [77].

In the more general case, when a disturbance sighal is present, the conver-
gence speed can be evaluated from the following approximate expression (valid
for t > L) for the learning curve:

1— A1+ A1 A—1 L
o2(t) = ofpmse + ( T AT ) OMmse — o'lzdeSE+t__|__1'al%4MSE~ (16)

This shows that the convergence is initially (but for ¢ > L) inversely proportional
to time and continues to be so if A = 1. If A < 1 on the other hand, the
convergence becomes eventually exponential with base A. The convergence is in
any case independent of the eigenvalue spread of the input covariance matrix
and the MSE shows in general a strong decrease in the time period L < t < 2L.

Tracking lag-error : Using the random walk model in Eq.(11) for the optimal
filter parameters, it can be shown that the steady-state excess mean square error
can be approximated by

1-2X Y2olL
2 _ 2 7
TEMSE = <L'—1 n )\) OMMSE T TSNS (17)

from which we conclude again that (1—\) plays the role of y in the NLMS
algorithm. The same compromise between the estimation EMSE (the first term)
and the lag EMSE has to be made as for the LMS algorithms. We also see that
for the random walk model for the optimal time-varying parameters, the RLS
and NLMS algorithm perform equally well provided we take 1-A = pp < 1. If the
covariance matrix of the optimal parameter increments w(t) would be different
from an identity matrix, then either one of the algorithms can be better than
the other one, depending on the relation between this covariance matrix and
the input signal covariance matrix [79].

6.3 Fast RLS algorithms: the FTF algorithm

The equations of the Fast Transversal Filter (FTF) (basic form using prewin-
dowing, as derived in [16]) with numerical stabilization are recalled in Table 2.
The quantities R(t), X(t), €(t) and F(t) are the same as R(t), x(t), c(t) and
v(t) but with L replaced by L+1. The quantities ¢y(t) and ¢.(t) are the first
and last component of vector ¢(t). The quantities a(t) and b(¢) are forward and

backward prediction filters respectively, a(t) and 3(t) are forward and backward
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prediction energies, and e(t) and r(t) are forward and backward prediction er-
rors.

The fundamental property allowing the derivation of the FTF algorithm is
the following shift identity

) .0
R = O R-1(t-1) +a(t)e (t)al (t) (18)
_ | RTO | st .
[0 - 0

Taking this identity at time t—1 and multiplying all sides with AIX(t), we get
) = [0 cTe-1))" +at-1)A"ra (t-1e(t) (19)
= [cT@®) 0T +b(t-1)A'B7 (t-1)r(t) .
Multiplying all sides again with X7 (t) and adding the results to 1 gives
() YU (t-1) + et T (- 1)e(t) (20)
= A +r@ONBTIE-D)r()

The forward and backward prediction quantities can then be updated just like
the adaptive filter h(t).

6.4 Stabilization methods and control of locking

The main problem encountered when implementing the FRLS algorithms de-
scribed in [22, 16, 14] is their numerical instability: with forgetting factors less
than 1 (adaptive case), rounding errors which occur in floating-point as well as
in fixed point implementations accumulate and produce exponential growing of
the prediction variables used for the computation of the Kalman gain. Recent
solutions to this problem are recalled below. Another problem is that the FRLS
algorithms can lock (i.e. become non-adaptive) with speech inputs; this prob-
lem comes from the non-stationary character of the speech signals and is also
connected to finite precision implementation (the currently existing stabilization
mechanisms for the propagation of the rounding errors are specifically designed
for stationary input signals); the locking problem can be solved by conditional
reinitialization (7).

The issue now discussed is how to make the FRLS algorithms usable for the
adaptive identification of the acoustic echo path impulse responses. The first
requirement is numerical stability; the second one is absence of locking with
speech inputs; the third one is the possibility to further reduce their computa-
tional complexity.
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initialization

a(—1)=[10---0]T,b(-1) =[0---01)7,
c(=1)=[0---0)7,h(-1) =[0---0]T,x(~1) = [0--- 0],
v(=1) =1,a(-1) = AB(-1) > 0

forward prediction

e(t) al(t—-1)x(t)
= Ala7l(t—1)e(t)

I

)a(
)

() a(t-1)
= v l(t-1) +(t) et
T

)

ct) = [0 T@-1)T+(t
)
)

= a(t-1) - e(t)y(t-1)[0 cT(t-1)]"

a’l(t) = Mla7l(t-1) - F()E()

backward prediction

r(t) = bI{t-1)%(¢t)
ri(t) = AB(t-1)cr(t)
y(t) = r(t)-r()

r(t) = r(t) + L.5y(t)
r@@) = ri(t) +2.5y(t)

[c7(t) OF = ¢(t) —CL(t)b(t-1)
Y = 7 -a)r)

b(t) = b(t-1) - rOE)y()[e’(t) 0
Bt) = M(t-1) + () (r?(2))?

1) = MB(t)a ()

filtering

e(t) = d(t)—hT{t—1)x(t)
h(t) = h(-1) + e(t)y(t)c(t)

Table 2: The stabilized FTF algorithm.
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It has been shown [6, 74] that numerical stability can be provided by feeding
back the numerical errors in the computation of the prediction variables. This
solution is much better than systematic reinitialization [16] or overestimation
of prediction error variances [5]; it has been used extensively and sucessfully
in floating-point and fixed-point simulations. The additional complexity is of
the order of L multiplications. Indeed, the backward prediction error r(t) can
be computed in two different ways. The difference y(t) is purely numerical
error and can be monitored to check numerical soundness of the algorithm. In
the stabilized FTF algorithm, y(t), an output of the round-off error system
associated with the algorithm, is fed back in the computation of r(t). Also (¢)
can be computed in two different ways, as is clear from Table 2. The resulting
(stabilized) FTF algorithm has a complexity of 8L. See [74] for an analysis of
the numerical stability.

As mentioned before, absence of locking can be obtained by conditional reini-
tialisation, which is decided from the inspection of particular internal variables;
the likelihood variable was found the most appropriate for that purpose [7].

6.5 Improving the tracking performance of the FRLS

Although the LMS algorithm can be superior to the RLS/FRLS in tracking
situations [11], it appears that in the acoustic echo cancellation context the
RLS/FRLS is globally superior to the NLMS. This can be explained by the fact
that non-stationarities of the acoustic echo path are sequences of motions and
still positions: during the latter ones the RLS/FRLS converge much faster than
the NLMS. The RLS/FRLS tracking performance can be further improved by
a simple modification of the updating equation [8]:
1

h(t) = h(t-1) 1_—m(t)€(t)7(t)0(t) (21)
Taking 0 < p < 1, the algorithm is accelerated and the tracking capability is
improved [29]. Note that by taking p < 0, this trick can also be used to reduce
the sensitivity of the adaptive filter to the background noise.

6.6 Further complexity reduction

The last objection to the use of FRLS algorithms in acoustic echo cancellation
is their complexity which, although being much smaller than the RLS’s one,
is roughly four times larger than the NLMS’s one (i.e. 8L vs. 2L multiplica-
tions/sample). Further reduction of complexity can be achieved (with limited
performance degradation) by adjusting the predictors’ sizes to the assumed or-
der P of the speech inputs’ AR model (e.g. P = 10—16 << L) [59]. The amount
of computations required for the prediction variables is then greatly reduced,
and the total computational complexity becomes about 1.5 times the complex-
ity of the NLMS. This simplified approach called the Fast Newton Transversal
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Filter (FNTF) was tested successfully in a mobile hands-free telephone context
[67].

6.6.1 The Fast Newton Transversal Filter algorithm

In the FNTF algorithm, the estimated covariance matrix R(t) of the input
signal (the inverse of which is updated, in the RLS algorithm, cf. Table 1)
is replaced by an extrapolated version [59], denoted ﬁ(t) The forward and
backward predictors of order L associated with this particular matrix, denoted
respectively as a(t) and b(t), have only P non-zero components as shown below
(where tp =t — L+ P):

a() = [‘3?{2] and B(t) = [b(;L(ZZ)] (22)

ap(t) and bp(tp) are the LS optimal forward and backward predictors of order
P associated with the assumed model of the input signal. The prediction error
variances of order L obey the simple relationship:

a(t) = ap(t) and B(t) = Bp(tp) (23)

where ap(t) and Gp(tp) are the LS prediction error variances of order P.

This extrapolation rule can be applied to any fast version of the RLS transver-
sal adaptive filter. Substituting the extrapolated predictors and prediction error
variances above for the corresponding quantities in the FTF algorithm, one can
derive extrapolation rules for the gain vector c¢(t) and the likelihood variable
v(t). Since the extrapolated predictors have only P non-zero components, the

computational complexity of the forward and backward prediction part of the
algorithm reduces to O(P) instead of O(L) for the FTF.

6.6.2 Implementation of the FNTF algorithm

The delayed predictor bp(tp) and variance Bp(tp) can be obtained either by
storage of previously computed corresponding quantities, or by computation
using the delayed input signal samples z(tp), z(tp — 1), etc. Although this
extra computation doubles the number of operations in the prediction part of the
algorithm, it is preferable to large storage for standard DSP implementations.
A version of the FNTF algorithm based on this approach is described in [68];
it requires about 2L + 12P multiplications per sample instead of 8L for the
stabilized FTF previously discussed.
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7 Frequency-Domain and Block adaptive fil-
ters

There has been a tremendous interest in block adaptive filters in the last decade.
At the first place, these methods have an excellent numerical accuracy and are
easily pipelined and parallelized. Secondly, the amount of computation can be
greatly reduced by replacing time-domain convolution and/or correlation by fast
transform domain block-convolution.

Block adaptive filters process block of input of data at a time, producing a
block of output data. To use efficient block procedures, the adaptive algorithm
allows a whole block of outputs to be calculated without modifying the filter
coefficients: the adaptive filter adjusts the weights once per block of data. These
updates can be gradient-like (in the block-LMS) style, or least-squares (recursive
block least-squares). We begin with the gradient algorithms and then proceed
to least squares methods.

Note that block processing inherently introduces a delay which must be taken
into account in the overall characteristics of the connection, as pointed out in
section 3.

7.1 The Normalized Block LMS algorithm

In this algorithm, the data are grouped in N-point block, with the filter weights
held constant over each block. During the s-th block, the adaptive equations
are:

N-1
h((s+1)N) = h(sN)+ ul'(s)™ Zx (sN + k)e(sN + k) (24)
k=0

= h(sN) +ul(s) ' x(s)e(s)

e(sN +k) = d(sN+k)—x(sN + k)Th(sN)
e(s) = d(s) - x(s)'h(sN)
e(s) = [e(sN),e(sN +1),...,e(sN+N —1)]7
x(s) = [x(sN),x(sN +1),...,%x(sN + N —1)]
d(s) = [d(sN),d(sN +1),...,d(sN +N —1)]"

where ['(s) is the (L x L) normalization matrix. In the simple (time-domain)
implementations, I'(s) is chosen to be diagonal. The choice I'(s) = I, corre-
sponds to the conventional block-LMS. The normalized block LMS is obtained
by setting I'(s) = (s)I, where v(s) is an estimate of the input signal power.
Sliding windows or exponential windows estimates can be used. Other choices
for I'(s) are possible (see above). The block LMS algorithm has properties which
are similar, except for stability (see below) to the conventional LMS algorithm,
in which the filter weights are updated at the sampling rate. This reduction of
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the stability domain becomes more and more important with the correlation of
the input signal, which is a problem in AEC. This explains why plain BLMS al-
gorithms are seldom used, while improved versions (using for example frequency
domain estimates of the signal power as explained below) are.

The BLMS algorithm can be exactly implemented in the frequency domain,
py using the overlap-save (OLS) fast convolution procedure. The frequency-
domain implementation results in an important reduction in the computational
complexity with respect to the time-domain implementation. The frequency-
domain implementation was originally proposed by Ferrara [23] (see also [72]). A
frequency-domain implementation based on the overlap-add (OLA) procedure
is also possible, but it requires additional computations with respect to the
overlap-save implementation, at least in the simplest cases (see [23] and [72] for
comments).

The filter output equation y(s) = x(s)Th(s) is a convolution between the fil-
ter input and the adaptive filter impulse response; it can be evaluated efficiently
using the OLS method. According to this method, the tap-weights vector must
be padded with N —1 zeros, and a M-point (M > L+ N - 1) FFT must be used.
For notational convenience, it is assumed in the sequel that M = L+ N — 1.

More precisely, denote W the M x M discrete Fourier transform (DFT)
matrix, whose coeflicients are given by:

Wik = {opipm ) (Wil = 7 {elp)} 29

When applied to a vector of N samples, the matrix Wy produces the DFT
coefficients of the sequence.

Let H(s) be the M-vector whose elements are the DFT coefficients of the
zero-padded time-domain weight-vector:

() = War | o) | (20

H(s) is the (M x 1) frequency-domain tap-weights vector. Let X(s) be the
M-vector whose elements are the DFT coefficients of the block of samples
[z(sN — L+1),---,z(sN + N = 1)]":

z(sN—-L+1)
z(sN - L +2)

X(s) =Wpy ; (27)
z(sN +.N -1)

Note that a L-weight transversal filter in the time-domain is associated with a
M-weight (M > L + N) filter in the frequency-domain.

The convolution is realized by: (i) Computing the component by component
product Y (s) = X(s) ®@ H(s), where ® denotes the Schur (component by com-
ponent) product of complex vectors. (ii) Applying the inverse DFT (IDFT) to
the resulting vector Y(s): §(s) = W/ (X(s) © H(s)).
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The last M — L + 1 samples of ¥(s) correspond to the linear convolution
between the input signal and the adaptive filter coefficients. The (L — 1) first
samples correspond to circular convolution in which time-aliasing has occurred
and thus, they must be discarded.

Along the same lines, the gradient term is determined by: (i) Computing
the Fourier transform E(s) of the error sequence €(s) padded with zeros:

_ 0(z-1)x1
E(s) = Wy [ (s) (28)
(ii) Evaluating the component by component product X(s)* © E(s). (iii) Com-
puting the inverse Fourier transform of the resulting vector:

&(s) = W3 (X(s)" O E(s)) (29)

the L first samples of &(s) correspond to the linear cross-correlation x(s)e(s),
while the (N — 1) last terms correspond to circular cross-correlation and must
be discarded. Putting together these two methods, the FLMS recursion can be
compactly written in a matrix form:

H(s+ 1) = H(s) + uCX(s)* ® E(s) (30)

where: I
C=W LocM ] Wi} 31
M [ O(n-1)xnr M (31)

E(s) = Wy |: 0(z-1xn ] (d(s) + [ Onx(r-1) Invun ]) W]T/ll (X(s) © H(s))

Inxn
(32)
Equation (30) defines the Fast-LMS (FLMS) procedure, which is an exact
frequency-domain implementation of the corresponding time-domain block LMS
algorithm. The FLMS algorithm requires five M-point Real FFTs per processed
block; two of them are needed to impose a time-domain constraint by giving
the value of zero to the last N samples of the extended time-domain weights.
In addition to complexity reduction, the second advantage that can be drawn
from using frequency-domain adaptive filter comes from the decorrelating prop-
erty of the discrete Fourier transform and the possibility of using different step
sizes for each transform domain adaptive weight, which results in a quasi-optimal
convergence rate, even in the presence of large variations in the input power
spectrum. This point and some variations on the same theme are presented in
the next section.

7.2 Self-Orthogonalizing block-algorithm and Frequency-
Domain LMS Adaptive filters

The concept of self-orthogonalization originated in [96, 33] (see also [64] and
the references therein) and was a result of the convergence analysis of the LMS
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and the recognition of the associated dependence of the rate of convergence of
the LMS algorithm on the eigenvalues of the input autocorrelation matrix. As
defined in [64], ‘a self-orthogonalizing algorithm involves constructing a linear
operator which maps the input L-vector x(t) to a L-vector u(t) such that the
elements of u(t) are mutually orthogonal’. Given this, the matrix E(u(t)u(t)T)
is a diagonal, whose eigenvalue spread can be normalized to unity by dividing
each element of u(t) by the square-root of-its variance. The resultant L-vector
z(t) is white with unit variance, i.e., E(z(t)z(t)T) = Ly. If the vector z(t) forms
the input to an LMS algorithm, it is straightforward to predict that the complete
structure will converge under any input condition at the same rate as an LMS
algorithm would under white-noise conditions. This technique is equivalent
to multiplying the gradient term by the inverse of the input signal covariance
matrix R(t) = E(x(t)x(t)T). In practice the orthogonalization operator is not
known a priori, therefore sub-optimum techniques must be used.

In the simplest approaches, a fixed linear operator is chosen that performs
approximate diagonalization of the input vector. When dealing with station-
ary signals, the discrete Fourier transform (DFT) or the discrete cosine trans-
form (DCT) are appropriate: it is well-known that the Fourier transform or
cosine transform bins are approximately uncorrelated (at least, when L is large
enough). Interestingly enough, when used in combination with the FLMS algo-
rithm, DFT orthogonalization can be performed at almost no additional cost.
The modification consists in multiplying the gradient components by the in-
verse of the estimated power spectrum of the input signal at the corresponding
frequency bin. Since the input signal is non-stationary, these power estimates
are updated recursively. One may for example use:

P(s+1) =vP(s) + (L = Xi(s)" 0<i<M (33)

where 0 < v < 1 is a smoothing constant. The weights are adapted according
to:
H(s + 1) = H(s) + pCT(s) ® X(s)* © E(s) (34)

where T(s) = [P(s)7}, ..., P(s);#]F is the frequency-domain normalization vec-
tor. It is worthwhile to note that since the normalization is applied before con-
straining the gradient term, normalization applies on the circularly extended
cross-correlation (in terms of the time-domain recursion Eq.(24), this means
that the normalization matrix ['(s) used is not diagonal). A particularly ap-
propriate choice for u is (1 — 7), for then the weights are chosen at each point
to approximately minimize an exponentially weighted average of the square er-
ror. Other normalization procedures (including frequency-domain smoothing)
are considered in [70, 88].

In more sophisticated systems, the autocorrelation matrix is estimated di-
rectly from the data, inverted and used to multiply the gradient estimate. A
proper choice, proposed by Panda it et al [64], consists in choosing the gain
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matrix I'(s) as the Toeplitz symmetric matrix with first column given by:
v(s) = [7(5:0),7(s; 1), ., F(s; L= 1))

where 7(s; T) are the estimates, at time sN, of the 7-th input signal autocovari-
ance coefficient. One may consider either sliding window (SW) or exponentially
weighted estimates (EW):
Ar(s—1;7) + (I;N’\) SN z(sN +n)z(sN +n—7) EW
r(s;7T) = 1 N+L-1 (35)
F5F om0 (8N =L +n)z(sN —L—7+n) SW

The Toeplitz assumption allows the application of computationally efficient tech-
niques to solve the linear system: ['(s)V(s) = x(s)e(s) needed to update the
filter coefficients. The technique by Kumar’s [45] is of particular interest in
this context, since it uses the FFT algorithm to perform block convolution. As
a result, a complete frequency-domain version can be derived (implementation
details along with practical applications are given in [64]). Kumar’s method re-
quires O(L log,(L)?) operations to invert the approximation of the input signal
covariance matrix. This operation is rather costly but this effect is mitigated
because the inversion is in fact performed only once a block. The additional
cost (per sample) involved by the normalization is thus O(L log,(L)?/N), which
is acceptable when large filter / blocks are processed. Significant complexity
reduction can be obtained if, instead of estimating L auto-covariance coeffi-
cients, one extends a short sequence of p < L auto-covariance coefficients by
the maximum entropy criterion. In this case, the solution of the linear system
['(s)V(s) = x(s)e(s) requires only the order of p? operations (by using, for ex-
ample, the split-Levinson algorithm). Coupling this method with the FLMS,
Perrier and Moulines [65, 66] have derived the so-called Block Autoregressive
Normalized-LMS (BARN-LMS) algorithm, which is only marginally more com-
plex than the FLMS algorithm, while showing better convergence and tracking
characteristics.

7.3 Variants of the FLMS algorithm

Many variants of these basic frequency-domain algorithms have been presented
in the litterature. Most of the proposed solutions have been obtained by com-
bining (in different ways) several basic techniques.

Segmentation : The FLMS algorithm requires to use length M FFT’s, with
M greater than the sum of the length of the impulse response and of the block-
sizee M > L + N. In the context of acoustic echo cancellation, L and N
are usually large, so that values of M like 4096 or 8192 are not uncommon.
When considering real-time implementation on DSPs, such large FFT's sizes
are very inefficient: the internal buffers of the state-of-the-art DSP allows to
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implement efficiently FFT of length 512 (complex) / 1024 (real)... for larger size,
intermediate results should be downloaded / uploaded to / from the external
memory, which is a very time consuming operation. Moreover, such large values
of M would lead to introduce unacceptable delays in the system. To deal with
these problems Soo and Pan (87, 88] have proposed to segment the impulse
response in small blocks (such a technique has long been used to implement the
fast convolution with filters). The modifications to be brought to the FLMS
are conceptually obvious but notationally involved. For implementation details,
the reader is referred to [88], who proposed the term of Multi-Delay Filter
(MDF) for these structures. The impact of sectionning the impulse response
has been thoroughly studied by Sommen (83, 84, 85] and Moulines et al [1, 58].
In particular, it appears that the use of transform lengths smaller than the length
of the impulse response can lead to reduced degrees of decorrelation [85, 20]. A
way to overcome this relation is described in Engelmers [21].

Unconstrained algorithms : The (unsegmented) FLMS algorithm derived
in the preceding section requires five length M FFT’s per processed blocks;
two of them are required for imposing a time-domain constraint in which the
last M — L time-domain weights are forced to zero. This step was necessary
to implement strictly a linear convolution between the filter input and the im-
pulse response. In the unconstrained frequency-domain (UFLMS) algorithm,
proposed by Mansour and Gray [52], this constraint is removed, which produces
a simpler adaptive filter (only 3 FFT’s are needed) that can implement either
linear or circular convolution. In practice, it is not necessary to impose the
constraint at each iteration: applying the constraint once every two or three
iterations appears sufficient in most cases. For single-block adaptive filters, this
modification alters only slightly the steady-state excess mean-square error (see
Lee and Un [46]). The situation is worse when the impulse response is seg-
mented. Because of the interactions between the different blocks of the impulse
response, the resulting algorithm may fail to converge (see Moulines et al [58]).
Consequently, care should be taken when using unconstrained algorithms in
combination with segmentation.

Up-sampling : This idea is not directly linked to frequency-domain algo-
rithms, but it can be applied as well for time-domain block adaptive filters. In
the standard block-adaptive filter algorithms, the filter coefficients are held con-
stant over the length of the block (mainly to allow the use of fast convolution
techniques). It is possible to adapt the filter coefficients more frequently, say, ev-
ery I samples, where R < N, using recursion similar to Eq.(24). This approach
has been pursued, for block frequency-domain adaptive filters, by Moulines et al
(58], leading to the so-called Geneneralized Multi-Delay Filter or GMDF. It has
been evidenced by theoretical performance analysis and simulations that this
scheme improves the initial convergence and the tracking behavior. The price
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to pay is an increased complexity (basically, it requires N/R times the number
of operations involved in the original algorithm).

7.4 Block-exact LMS algorithms

In the case of fixed filtering, a reduction of the arithmetic complexity is usually
obtained by merging the computations corresponding to several successive input
samples [92, 56, 57]. LMS adaptive filtering obeys the same rules, and several
authors have proposed to rearrange the LMS equations in vector form, as ex-
plained in section 7.1. This operation results in a fixed filtering lasting along the
size of the vector, followed by an update of the filter coeflicients to obtain the
filter to be used during the next block. This is the approach outlined above, the
algorithm being derived from a block version of the LMS criterion. A reduction
of the arithmetic complexity is thus attainable, using FFT or any other tech-
nique allowing a reduction of complexity of fixed FIR filtering. However, due
to the fact that the filter is held fixed during a whole block of output samples,
the BLMS algorithm has a modified adaptive behavior in comparison with the
time domain LMS, and it exhibits a slower convergence for correlated inputs.
This problem has been solved in [10]; the corresponding results are summarized
below:

Running the LMS equations during N successive inputs can be shown to be
equivalent to the following set of equations:

e(sN) = (d(sN) - x(s)"h(sN)) (36)
E(sN) = G(s)e(sN) (37)
h((s +1)N) = h(sN) + ux(s)E(sN) (38)

where G(s) is defined as follows:
G(s) = (Iy + uS(s)) ™! (39)
and S(s) is an estimate of the lower triangular part of the autocorrelation matrix:

0 0 g : 0
N B I B
sn-1((s+1)N) sya((s+1)N) . si((s+1)N) 0

where s; is defined as :
si(t) = x()Tx(t — 1) (41)

Since Eq.(36) corresponds to a fixed filtering during the block, it is com-
putable by any techniques used in classical BLMS algorithms, as explained in
section 7.1. Techniques allowing the use of small blocks [57] are preferable, due
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to the delay constraints. The obtained error €(s) is then corrected to provide
the error vector E(s) (which contains the error samples that would have been
produced by the standard (sample by sample) time domain LMS), and the up-
dated tap vector h((s + 1)N meets the one that this standard LMS would have
produced at the same time. The resulting algorithm, named FELMS (standing
for Fast Exact LMS), yields a significant reduction of the arithmetic complexity
compared to the standard LMS. A precise evaluation of the computational cost
is given in [10]. To summarize, the characteristic feature of the FELMS algo-
rithm is that it provides the same sequence of error samples as the one produced
by the LMS, and that these error samples are obtained by a linear equation.

Since the FELMS algorithm is exactly equivalent to the LMS algorithm, all
modifications and improvements brought on the tuning of the adaptation step,
on the residual MSE, etc. still hold. Moreover, since the computational load is
lower, one can use the “budget” which has been saved to improve the adaptive
behavior of the LMS algorithm. This has been proposed in [9]

7.5 Block-exact Recursive Least-Squares methods

Fast RLS algorithms such as the FTF algorithm exploit a certain shift invari-
ance structure in the input data vector, which is inherited by the sample input
covariance matrix. Using this shift-invariance, the gain update part of RLS be-
comes a prediction part (involving forward and backward prediction problems)
in FTF, the complexity of which is reduced from O(L?) to O(L). Other fast
RLS algorithms such as the Fast Lattice (FLA) and Fast QR (FQR) algorithms
[38],(73] also provide the same filtering error signal, but replace the transver-
sal filter coefficients by a transformed set of parameters as in the square-root
Kalman filtering/RLS algorithms.

In {78],[80], an alternative way to reduce the complexity of RLS adaptive fil-
tering algorithms is pursued. As described in section 7.4 for the LMS algorithm,
the approach consists of subsampling the filter adaptation, i.e. the LS filter esti-
mate is no longer provided every sample but every N > 1 samples (subsampling
factor N). This leads to the Subsampled-Updating RLS (SU RLS) algorithm,
which nevertheless provides exactly the same filtering error signal as the RLS
algorithm. The computational complexity of the SU RLS algorithm is certainly
not reduced w.r.t. to that of the RLS algorithm. However, in the SU RLS al-
gorithm the Kalman gain and the likelihood variable are L x N and N x N
matrices resp. which, due to the shift invariance present in the problem, exhibit
a low displacement rank. Hence, by using the displacement structure and the
FFT (when computing convolutions), a fast version of SU RLS can be derived
that has been called the FSU RLS algorithm [80].

A dual strategy is possible, as indicated in Fig. 6. Namely, after having
exploited shift-invariance in the RLS algorithm to obtain the FTF algorithm,
one can apply subsampled updating to the estimation of the filters involved. The
starting point is an interpretation of the FTF algorithm as a rotation applied
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RLS

block processing displacement
(FFT) structure

SU RLS FTF
displacement block processing
structure (FFT)
FSU RLS FSU FTF

Figure 6: Dual strategies for the derivation of the FSU FTF and FSU RLS
algorithms.
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to the vectors of filter coefficients:

o, o o g7e-1)
b)) | = | bri-) (42)
[a7(t) 0] [a*(t-1) 0]

for a certain 4 x 4 “rotation” matrix ©,." Using the filter estimates at a certain
time instant, we compute the filter outputs over the next N time instants. Since
this is a filtering operation over a certain time span with fixed filters, we can
use fast convolution techniques (e.g. involving the FFT). Using what we shall
call a FTF-Schur algorithm, it will be possible to compute from these multi-
step ahead predicted filter outputs the one step ahead predicted filter outputs,
without updating or using the filters. These quantities will allow us to compute
the successive rotation matrices ©; of the FTF algorithm for the next N time
instants. Because of the presence of a shift operation in the FTF algorithm
(for the Kalman gain), it turns out to be most convenient to work with the
2-transform of the rotation matrices and the filters. Consider

Cilz) "o L
50 | = | b || ()
Hy(z) [f(t) 0] | | -2
We can now rewrite (42) in the z-transform domain as
Ci(2) T Ci-1(2)
el L I | e w0
Hy(2) 1 Hy1(z)
One rotation matrix is then a polynomial matrix of order one,
51
0uz) = ! (45)

1

and the product of N successive rotation matrices is a polynomial matrix of
order N. Applying the N rotation matrices to the filter vectors becomes an
issue of multiplying polynomials,

Cg(Z) Ct—N (Z)
5 | = o | 50 )
Hy(z) H,_n(2)
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where
et,N(Z) = et(z)et_l (Z) ce Gt_N+1 (Z) . (47)

The polynomial multiplications can again be done using fast convolution tech-
niques, e.g. using the FFT. The subsampled updating technique turns out to be
especially applicable in the case of very long filters such as occur in the acous-
tic echo cancellation problem. The computational gain it offers is obtained
in exchange for some processing delay, as is typical of block processing. The
computational complexity of the resulting FSU FTF algorithm is

L
2= 4+ 10N
N 325 +10 (48)

(17+ oLt 1) FFT(2N)

N

where FFT(2N) denotes the computational complexity associated with com-
puting a FFT of a sequence of length 2N. See [81] for more details and [82] for
a stabilized version.

8 Other approaches to adaptive identification
for acoustic echo control

8.1 Decorrelating filters

Since the input signal z(t) is speech, which has large spectral dynamics, pre-
whitening of the input of the adaptive filter can help to improve the convergence
speed of the LMS in a way similar to the whitening implicitly made in adaptive
identification schemes with joint-process filters.

A solution proposed in [97] is to include in the algorithm a first-order adap-
tive decorrelation (in a way similar to a 2nd order affine projection adaptive
filter, see section 8.3), at the expense of significant additional complexity (3L
instead of 2L for the standard LMS). Improvements of convergence speed within
a factor of 2 are reported in [97)].

Another solution is to whiten the input signal by adaptive prediction [53].
The additional complexity can be kept small if the prediction order is much
smaller than the filter length L. Note that the RLS/FRLS algorithm with
reduced complexity (FNTF) recalled in Section 6.6 can be somewhat considered
as another way to whiten the input data.

8.2 Sub-band adaptive filtering

Adaptive filtering in sub-bands [27, 41] has attracted - and still attracts - much
interest from the research community on acoustic echo cancellation. Indeed,
although conceptually simple, it offers computational savings as well as better
convergence behaviour than conventional ‘full-band’ adaptive filtering in the
time domain. As is the case of frequency domain algorithms, the disadvantage
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inherent to this approach is the additional delay in the signal path caused by the
filter banks. Computational savings come from sub-sampling of the signals in the
sub-bands, in a manner similar to block algorithms previously discussed. Bet-
ter convergence (at least for NLMS-like algorithms) is achieved because proper
fitting of the step-size to the energy of the input signal in each sub-band can
be provided. Note that, if sub-band coding schemes are used, sub-band echo
cancellation may be integrated into such & system [42].

In order to maximize computational savings, critical sub-sampling seems
desirable. Crosstalk between adjacent sub-bands, however, degrades the perfor-
mance of these systems. An analysis of this situation and experimental results
are given in [30], showing the practical necessity of using some oversampling in
the sub-bands, in which case satisfactory results have been reported [42]. Effi-
cient polyphase all-pass decimator and interpolator structures can be used for
the implementation of the analysis and synthesis filter banks [18]. FIR proto-
type low-pass filters are generally used in these structures. Note that IIR filters
are suggested in [36]; it is shown that, when using such filters, narrow transition
bands and high stop band attenuation can be achieved. A method to control
the adaptation step-size within the sub-bands is described in [12].

8.2.1 Algorithm description

The figure 7 depicts a fairly general form of sub-band adaptive filter applicable
to acoustic echo cancellation. S is the unknown system (i.e. the acoustic echo
path), AFB and SFB are respectively analysis and synthesis filter banks, C is
a matrix of transversal adaptive filters. At each iteration, the analysis filter
banks process a block of M samples and provide K > M sub-band outputs.
The case K = M corresponds to critical sub-sampling. The usual scheme is
based on non-critical sub-sampling (K > M); in this latter case, assuming that
the transition bands of the analysis and synthesis filters are sufficiently narrow,
the sub-bands can be processed independently and the ‘system matrix’ of filters
C reduces to a diagonal one. The adaptive filters in the sub-bands are usually
updated by means of standard NLMS techniques; other adaptive schemes like
the RLS, etc can be used as well [37].

8.2.2 Performances

As said before, sub-band adaptive filters exhibit improved convergence perfor-
mance with correlated input signals like speech, compared with standard ap-
proaches [47]. The asymptotic error is lower bounded by the residual aliasing
components coming from the overlapping edges of the analysis filters; however,
with proper design of the filter banks and adequate oversampling factors, these
components can be maintained at a much lower level than the error due to the
unavoidable truncation in time of the true echo path impulse response. The
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Figure 7: Sub-band adaptive filter for acoustic echo cancellation

tracking performances were found similar to or better than the standard struc-
tures.

8.2.3 Applications

Various schemes based on sub-band adaptive filtering have been proposed for
acoustic echo cancellation. Many of them include ad-hoc techniques to improve
the overall performance of the echo canceller; typical designs are briefly sketched
below.

The combination of decorrelation of the input signal and a two band echo
canceller is considered in [97, 98]. The convergence speed of the canceller is
increased by a factor larger than two compared to the NLMS algorithm for
speech signals; this improvement comes both from the sub-band processing and
from the decorrelation.

Other two band systems are considered in [3]. Whereas a classical echo
cancellation technique is used in the lower band, gain control (i.e. variable loss
only) is applied in the upper band. In addition, in [3] a center clipper and a
frequency shift are inserted into the signal path.

A subband filtering algorithm that adaptively controls the number of taps
for each subband filter is described in [89]. The number of taps allocated in
a subband depends on the sum of the absolute values of the coefficients. The
total number of taps of the subband system, however, is kept constant.

A delayless scheme using subband techniques is described in [90]. The cancel-
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lation of the echo is done by a fullband filter, whereas the adaptation algorithm
is running in subbands. Both domains are linked by the FFT. The workability
of this approach is demonstrated by a simulation example using 32 subbands.
Compared to a conventional fullband system that uses a transversal filter with
512 taps, the computational complexity is reduced by a factor of three.

The problem of acoustic noise cancellation in a car is also treated using sub-
band techniques [36]. In addition, multiple reference microphones are applied.
The noise cancellers have two stages: the first stage is used to estimate the
signal path and the second stage performs beamforming.

Another ad-hoc method (which can be used in any adaptive filtering struc-
ture) is to feed an adaptive filter and a fixed FIR filter with the same input
signal. Both filters have the same number of taps. The adaptive filter attempts
to model the room impulse response, whereas the echo cancellation is performed
by the fixed filter. If the error magnitude of the adaptive filter is less than that
of the fixed one, the coefficients of the adaptive filter are copied to the fixed
filter. Such a device is proposed in [3] for a sub-band structure.

8.3 Afline projection algorithms -APA-

Another generalization of both NLMS and RLS algorithms is the so-called Affine
Projection (AP) algorithm [63], [55]. The AP algorithm was first proposed by
Ozeki and Umeda [63] in order to improve the adaptive behavior of the NLMS
algorithm bty a better use of the input data. Under this interpretation, each
tap update of NLMS is viewed as a one dimensional projection [55]. The general
AP algorithms are based on a multiple dimension projection per tap update,
They implicitly require the inversion of a covariance matrix of dimension N
(the projection size, with N < L). For the purpose of comparison, the FNTF
algorithm (section 6.6) implicitly requires the inversion of a covariance matrix
of dimension L. Fast versions of the projection algorithms have been derived
[55], [26], [75], resulting in a multiplicative complexity of about 2L+ 21N for the
most efficient versions. However, plain AP algorithms have poor performances
when noise is present in the output signal (and especially when the input signal
is non-stationary), which is the case in acoustic echo cancellation. We recall
below the modifications that have to be brought to the initial APA in order to
make it usable in an AEC context

8.3.1 Basic idea underlying the AP algorithm

Consider a Block-RLS algorithm with a rectangular window and a block size
both equal to filter length, L. Due to this equality, the least squares solution
corresponds to solving a set of L equations in L unknowns. Thus, when the
filter is updated, L previous a posteriori errors are set to zero. Now consider an
NLMS algorithm: the adaptation step can be chosen in such a way as to cancel
a single a posteriori error.
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The AP algorithm can be derived using a generalization of both situations:
find an algorithm that cancels N a posteriori errors, with 1 < N<LIN-=1
or N = L, APA is expected to be equivalent to the NLMS and BRLS algorithms
respectively.

8.3.2 General algorithm

APA is easily obtained by searching for the weight increment Ah(t + 1) =
h(t 4+ 1) — h(¢) with minimum norm among all possible increments for which
the a posteriori error is zero: Ah(t + 1) is the minimum-norm solution of an
underdetermined set of linear equations (N equations with L unknowns, N <
L).

The constraint is given by the a posteriori error equations:

0=d(t) — x(t)Th(t + 1) (49)
which, using the definition of Ah(t + 1), can be reformulated as:
x(HTAh(t +1) = d() - x(8)"h(t) = E/(t) (50)

with x(t) defined as previously in section 7.1. The requirement is to find
h(t + 1) such that the norm of the change in the weight vector given by J =
(Ah(t + 1))T Ah(t + 1) is minimized.

The solution of minimum norm of the underdetermined set of linear equa-
tions Eq.(50) is given by the right pseudoinverse of matrix x(t) :

Ah(t +1) = x(t) (&) x(®) ™ B/ (¢) (51)

Hence, the algorithm takes the following form :
E/(t) = d(t)-x(th) (52)
h(t+1) = h(t)+x® (®OTx®) " B @) (53)

where x(t) is the matrix of size L x N made from the N last input vectors,
d(t) (respectively E/(t)) is the vector of the N last samples of the reference
signal (resp. the error resulting from the filtering of the input sequence by the
previous set of coefficients h(t)).

It is seen that this algorithm requires the solution of a system of equations
where the system matrix R, = x(t)7x(t) is the product of two Toeplitz matrices,
hence is symmetric and non-negative definite. Thus, provided that the matrix is
not singular, the system can be solved using the Generalized Levinson Algorithm
[63].
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8.3.3 The actual algorithm

Beyond the basic idea explained above, slight modifications must be brought to
the algorithm, either to overcome some limitations, or to increase its efficiency.

A straightforward analysis of the AP algorithm, following the lines of the
classical one for the LMS algorithm shows that, when the reference signal is
corrupted by noise, the residual error increases in a large amount. The remedy
to this problem has already been used in the NLMS case: it consists in decreasing
the adaptation gain. Hence, instead of Eq.(53), the actual algorithm uses the
following coefficient update equation (where 0 < a < 1):

h(t +1) = h(t) + ax(t) (x(t)"x(®) " B (t) (54)

This algorithm has a number of attractive properties: Its convergence rate is
very close to that of the RLS algorithm, and fast algorithms for the sample by
sample version require about the same complexity as the FNTF algorithm (sec-
tion 6.6). Moreover, fast algorithms for the block version (proposed in [55], [75])
require a smaller number of operations than the standard LMS algorithm. Note
that sample by sample algorithms, as given above were much more costly up to
the work reported in [26], in which the number of multiplications shrinks down
to 2L+ 21N. Another useful property for acoustic echo cancellation is the good
tracking capability of this algorithm (simulations indicate that it can outper-
form both the LMS and RLS algorithms with respect to this trackingcriterion
[55]).

Regularized Projection algorithms When using the AP algorithms dis-
cussed above, a number of problems arise in the very circumstances met in
AEC: Namely, in the case where the input signal is non-stationary and noise is
added to reference signal, this algorithm exhibits a large residual error. This is
due to the fact that the noise gets amplified significantly when the sample covari-
ance matrix (x(t)Tx(t)) is badly conditioned. This happens for example when
the input signal is non-stationary and very harmonic, like speech. This problem
is usually reduced by using regularized projection algorithms, as outlined below
(see [26] [75]):

ES(¢) d(t) - x(t)Th(t) (55)
h(t + 1) h(t) + ax(t) (x(t)x(t) + 61) " B/ (¢) (56)

where the scalar § is the regularization parameter for the autocorrelation ma-
trix inverse. It is easily seen that, even if x(t)Tx(t) has eigenvalues close to
zero, creating problems for the inverse, (x(t)Tx(t) + 6I) has § as its smallest
eigenvalue which, if large enough, yields a better conditioned inverse.

The effect of the regularization parameter § on the condition factor of matrix
(x(t)Tx(¢t) + 6I) is noticeable, since the condition factor is reduced, and indeed
the behavior of the algorithm is greatly improved. However, the noise sensitivity
is still high, since the condition factor still exhibits large variations.

Il
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Modified projection algorithms Another remedy to the conditioning prob-
lem would be to replace x()Tx(¢) by another estimate of the correlation matrix
with lower statistical variance and better conditioning factor. The following
exponential window estimate has the desired property:

R(t) = AR(t — 1) + L(1 — Nxn () (xn ()" (57)

where 0 < )\ < 1, is some forgetting factor, and xy(t) is the vector made from
the N last inputs. (Rp = 6o, 6o is a small positive value).

The fact that the exponential window estimate has a better conditioning
factor in average than the one implied by a straightforward derivation of the
AP algorithm is easily understood, since it averages a considerable amount of
information. It has moreover the capability of covering the short silence periods
in uttered speech. This results in conditioning factors altogether smaller and
more stable than estimates used in the plain AP algorithm as well as in the
regularized one. This characteristic is expected to improve the convergence
characteristics of the corresponding algorithm in presence of noise.

However, replacing the matrix in Eq.(54) without deriving the algorithm
with respect to some criterion would lack theoretical justification. Such a deriva-
tion can be obtained by using a generalized version of the criterion found in [76]:

I}rll(itr)l{ll d(t) — x(8) Bt +1) [} + | (t +1) = h(2) 5} (58)

where || v ||%= v'Pv, and P,, Q, are Hermitian positive definite matrices,
defined by
P = f{l_—l',\)_;\fR” — x(®)tx(2), Q» = I(identity matrix) of size N x N.

P, is easily checked to be symmetric positive definite, and the modified AP
algorithm is derived from criterion Eq.(58) by setting its gradient to zero:

h(t+1) = Py +Q:Y) ™ (@ h(e) + x() P, d(t)) (59)

Applying the Matrix Inversion Lemma to solve the resulting linear equation in
h(t + 1) results in:

h(t+1) = h(t)+ Qux(t) (x(t)" Qux(t) + P) 7 (d(t) — x(t)"h(t)) (60)
h(t+1) = h(t)+L(1 - N\x()RE/ () (61)

The tradeoff between convergence rate and residual error is controlled by intro-
ducing an adaptation gain « in Eq.(61), which results in:

E/(t)
h(t +1)

d(t) — x(t)"h(t) (62)
h(t) + ax(t)R; 1 EL (¢) (63)
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8.3.4 Performances and computational complexity

Many simulations have shown that the modified algorithm has a much more
reliable behavior than the former versions, provided that the forgetting factor
in the correlation matrix estimate is very close to 1 (typically 1 —1/10L). In
this case, the improvement in terms of convergence rate compared to the LMS
algorithm is so high that very small adaptation steps can be used, and the
residual error remains very low even with poor signal to noise ratios in the
reference (microphone) signal.

Fast algorithms (proposed in [55]) require hardly more computations than
the LMS algorithm (on the order of 2L + 15N operations), and are not very
sensitive to computational noise, since these fast algorithms involve predictors of
small order. Their adaptive performances are somewhat similar to those of the
FNTF, with slightly better behavior when run on real speech, since the classical
limitation on the tracking capabilities due to the requirements on A needed
for keeping the algorithm stable does not hold. It seems that the decoupling
between the adaptation step and the forgetting factor is very useful here.

9 Combining adaptive echo cancellation with
other techniques

In many cases a combination of acoustic echo cancellation and noise (or rever-
beration) reduction is desirable. This is the case in mobile applications, where
the acoustic echo is mixed with a high background noise. Another relevant case
is teleconferencing in a large and reverberant conference room. Specific ap-
proaches have been proposed for that purpose. The reduction of the tail energy
of the acoustic echo path impulse response can be achieved by the use of ar-
rays of microphones, yielding higher directivity than conventional microphones
[43]. In addition, multi-microphone systems lead to a reduction of background
noise: [51] emphasises this point and proposes several configurations combining
in different ways adaptive echo cancellers and noise reduction filters. It is worth
noting that the combination of adaptive echo cancellers with noise reduction
filters may cause some impairment of the performance of both kinds of devices;
therefore, care much be taken to limit or avoid detrimental interaction between
them when designing the combined system.

10 Conclusion

The various adaptive filtering algorithms presented in this chapter are thought
to be good candidates for solving the problem of acoustic echo cancellation.
Some of them - essentially the LMS and its direct offsprings - have been im-
plemented in real time in laboratory models as well as in commercial products;
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they achieve fairly good performance for acoustic echo cancellation in real life
situations. Using the new, improved algorithms decribed herein, shoud help to
go a step further in performance, especially in convergence, tracking and sensi-
tivity to ouptput noise. Two characteristic features of these new algorithms can
explain these expected improvements: (i) they better exploit the information
contained in the available data; (ii) additional control parameters (adaptation
steps) yield more degrees of freedom for proper tuning to the AEC applica-
tion. Considering computational aspects, the block techniques applicable to
most presented algorithms yield a significant reduction of computational com-
plexity, This latter aspect is of most importance for AEC applications since
the system to be identified (acoustic echo channel) has a very large number of
parameters. Note that this property of acoustic echo channels leads to a ba-
sic limitation of the FIR approach, namely the truncation of the true impulse
response, since only the first part of it is modelled by the FIR adaptive filter.
With respect to this problem, one can note that suitable IIR. adaptive filters,
which could -at least theoretically- improve the AEC performance, are not yet
available. Besides, a recurrent problem to be properly solved in each particular
context of application is the ‘glue’ which must be added to the adaptive filtering
algorithm for satisfactory operation. It is worth noting that, the more reliable
the adaptive algorithm is, the less demanding the task associated with the glue
is.

As current and future trends of the researches on AEC, one can cite (among
others) multi-channel adaptive filtering (e.g. for stereophonic teleconferencing),
and merging of acoustic echo cancellation techniques based on adaptive filter-
ing with ‘noise cancellation™like techniques based on multi-sensor processing,
with the purpose of improving the overall performance of acoustic echo control
schemes.
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