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ABSTRACT shown that continuous and automatic, adaptation of the error
power yields a more satisfactory result. The cost function
A new stochastic gradient algorithm for data echo cancellation,adaptation allows an increase in convergence rate and, at the
based on the cost function adaptation (CFA) is proposed.same time, an improvement of residual error. The results were
Qualities of the new adaptation algorithm as compared with thatobtained with non-Gaussian binary sequences of data in presence
of the least mean square (LMS) and the least mean fourth (LMF)of far-end signals in data echo-cancellers for full duplex digital
algorithms are demonstrated by means of simulations. Thus it isdata transmission over telephone lines.

1. INTRODUCTION

Adaptive echo cancellation in digital communication systems is
one of the most intensively investigated fields of application for
adaptive signal processing algorithms. So far, the Least-Mean-denotes the adaptation step size that controls the stability and the
Square (LMS) adaptive algorithm has been the most commonlyrate of convergence of the algorithm. In the following section we
used approach due to ease of computation and optimality in theshall derive a new kind of algorithm using (1) in which the power
case of Gaussian noise statistics. For a digital echo canceller it igs adjusted using the value ef . Some comments are given in
desirable to decrease the adaptation time, during which the . . .

. . . Section 3. Performance evaluation and experimental results from
transmission of useful data is not possible. Nevertheless, many . . : .

. . computer simulations are also shown in the last section.
other adaptive algorithms based upon non-mean-square error cost
functions can also be choosen to increase the speed of
convergence. Walach and Widrow have investigated the error of 2. COST FUNCTION ADAPTATION
the power 4 as an alternative cost function and the Least-Mean-
P ALGORITHM

Fourth-Order (LMF) algorithm results [7]. Unfortunately, this

algorithm has stability problems and it is relatively sensitive to 1o signal-flow graph representation of data echo canceller is

noise due to the very large gradient terms which result for higher-ghown in Figure 1. The error signal in terms of the actual echo
order representation of errors.
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e, is the error signaN is the number of filter coefficients and

path outputy, , attenuated far-end sighal ~ and synthetic echo

Another alternative approach [6] shows that the use of thesignaly, is
adaptive algorithm based on a cost function with the error power e = v +f 9 @
r higher than quadratic can be advantageous. Based on this cost k= Yt e Y

function J, = EUekH , the general form of the stochastic The output of the estimated echo pgth  can be written as

gradient algorithm with non-quadratic exponent can be computed . N-1 _ ﬁ t
using the simple recursive relation below Y= z hn B = Mic X ®)
A ~ 1 n=0
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where hy is the transpose of the vector of estimated filter g = EDek\ ] (6)
coefficients at time sample where the power is a function only of the error modulus:
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X, is the transpose of the input observations vector and we comput% with respect to each element of the general

impulse response:
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Figure 1. Signal-flow graph representation: AA-adaptive
N
algorithm; H(z)-echo path transfer function; H(z) -adaptive

filter transfer function.
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We follow the cost function adaptation algorithm when the power
is choosen in such a manner that respects the relation:

which the weights are computed with

'~ o r.—1
Nie1 = M pr, e Csgn(e) (13)
and the power is updated via
role
.= ol O\ds_ (14)
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3. COMMENTS AND IMPLEMENTATION

First, the error must decrease and according with (14), we
recommend starting with a large powgr  and stopping with a

small powerr . Anyway we must avoid large gradients which

leads to divergence. In order to exploit both the noisy stability of
the LMS algorithm and the initially faster convergence of LMF,

we usually choose, = 4 ang, = 2

However as in almost all adaptive systems, the adjustment of r
depends on finite-time average characteristics rather than on
instantaneous values of the error. A direct implementation of the
previous relation (14) will lead to divergence.

In [2] the first decreasing smooth power-error algorithm was
proposed:
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Since the output mean-square error is actually fluctuating, the
first 100 iterations used LMF and then the power is adjusted with
(15). The restriction imposed reduces the general improvements
of CFA algorithm. To avoid this condition, the power must be
bounded during the adaptation time, otherwise the algortihm
could diverge.

In an application such as data echo cancellation, the adjustment
is usually done by calculating the mean value of tap-error vector.
A normalised form of tap-error vector norm is used in the data
echo cancellers

Py = s (16)
[y

and, it is selected rather than the output mean-square error due to

the high level of the far-end signal power.

Another CFA algorithm was proposed in [2]: the decreasing
staircase power-error algorithm. This algorithm has the
advantage of less computational effort by using only integer or
square root powers in its implementation. The adaptive filter

qu —
r(‘ek‘) * ‘ek‘ Elog‘ek\ d‘ek‘ =0 (12) coeficients are updated with (13) and the power is computed
with:
If we denote byr, = r (‘ek‘) anq:bk‘ is the error modulus, o 4 ‘pk‘ <20
o H 5 —25<|p, | <-20
measured in dBs, it results that for CFA selected the gradient is %3 e ‘pk‘ -
always zero, and the prodquek‘dB is constant. re = B 3,-30<|p,| <25 17)
(2.5 -36< ‘pk‘ <-30
We can admit also that during one iteration, the power is % 2. ‘pk‘ <_36

constant. This is always true in practical problems. In this way
CFA may be seen as a piecewise non-quadratic algorithm, in



We shall show in the following another new method to design
better the CFA power-error relation.
Assuming that {x,}

and{f} are independent bipolar

sequences, from the setq, -1} afd, —f}
have
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Fori#j we obtain
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and assuming that the channel is slowly varying, it results
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Inserting the previous formula in (14), it results that the
computation of new power could be done with
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where‘pk‘dB is the normalised tap-error vector norm, measured

in dBs. This is the main formula for the CFA power-error
relation.

It is obviously that the necessary condition figr to be a

decreasing function qbk‘dB is

/20
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4. MODELLING AND SIMULATIONS

The simulator is a direct system modelling type where the echo
canceller is trying to model the echo path. The data echo canceller

respectively, weis a 32 tap linear time varying FIR adaptive filter whose

coefficients are updated regularly by the adaptation algorithm.

The echo-path model uses a single pole single zero digital filter.
The transfer function of the echo path is

z X
k=0
where0<a<1 . We choose the feedback coefficiant  of the

echo path filter is in such a way that the power level of the
impulse response will be attenuated by 60dB, at 32nd sample:

a = 0.80025. Thereafter the series is truncated.

H(z) = -2 =

— (26)

The near-end signal sequenzg is modelled by a random
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Figure 2. Initial conditions of CFA: normalised tap-error

vector norm |gl in dBs and the power.
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bipolar sequence from the sétl, —1} . The attenuated far-end

signal sequenc§_is also modelled by an independent random

bipolar sequence from the seff, —f} . The level of the

attenuated far-end signal power is -15dB.

Figure 2 shows the relation (23) in case of diﬁeq@g’t and

dB

If the statistical characteristics of the channel are not available, ar . It is clear now that an earlier start of CFA can affect the

choiceforEUhk\z} could béﬁk‘z .

The convergence of CFA results if we assume that the power
is bounded:
1<ry <r,<ry, OkON (25)

and the proof is based on similar analysis with [6]. We can

conclude that a large start power means stronger conditions fousing

the convergence of CFA algorithm.

convergence.

We start with LMF and follow LMF since the normalised tap-
error norm is less than the start van&dB corresponding to the

power 4 ( <-10 , otherwise the numerator is negative).

Polgg
Then we continue with CFA updating the power with (23) and

‘Flk‘z instead oiEUhkﬂ . In this way we avoid the



critical points of (12). (smaller than LMF and almost twice as fast as in the LMS case)
Whenr, = 2 the CFA could be stopped or not. There are not and, an improvement in residual noise levels.

major differences between the two cases: the steady-state is
postponed and the speed of adaptation is improved (a little bit).

Applying (23) directly gives us the first final CFA algorithm: the 0
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