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Summary

Summary

In mobile telephony hand-free applications have become an important feature. The use of
an acoustic echo canceller using an adaptive transversal filter and the Least Mean Square
(LMS) algorithm is currently the most effective way of reducing echoes in a hand-free
telephone system.
The adaptive filter tries to estimate the echo path to cancel the echo signal. The update of
the adaptive fJ.1ter is done with the error signal r(k), defined as the difference between the
echo signal and the filter signal. The updating of the filter is disturbed during double-talk
periods by a speech signal. To avoid this a double-talk detector (DID) is used. The mean
requirement of the OlD is to detect double-talk and to have the ability to distinguish
double-talk periods from echo path variations.

First is examined if an adaptive line enhancer (ALE) can be used as DID. The ALE is
able to separate a sinusoid from noise. The ALE can be used as OlD if the ALE is able
to separate the double-talk signal from the error signal. The double-talk signal modelled
with an AR-signal can't be separated, because the adaptive filter of the ALE is not able to
make difference between a part of the correlation of the AR-signal and the correlation of
the noise signal. The use of an ALE as OlD is thus not recommended.

In the second part a DID using the orthogonality theorem is used, which is based on the
correlation between the input signal x(k) and the error signal r(k).
This DID is able to distinguish double-talk periods from echo path variations. The DID is
developed in the block frequency domain. If the adaptive filter is converged, there is no
correlation between x(k) and r(k), and the DID holds (freeze) the adaption of the filter. If
double-talk occurs the same procedure will happen, and the update will be frozen. If the
echo path is changed, there is correlation between x(k) and r(k), and the filter will go on
adjusting. If as well double-talk as echo path change occur the DID shows bad perform
ance, because the update of the filter is disturbed by the double-talk signal.

To improve the performance of the DID, a solution has to be found when as well double
talk as echo path change occur. Another possibility to use the DID algorithm as update
for the adaptive filter.
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Chapter 1

Introduction

3

Nowadays the use of mobile telephony has become an indispensable phenomenon. Herein
have hand-free applications become an important feature. The occurrence of acoustic
echoes is an undesirable and unavoidable problem. The use of an acoustic echo canceller
using an adaptive transversal filter and the Least Mean Square (LMS) algorithm is
currently the most effective way of reducing acoustic echoes in a hand-free telephone
system.
Figure 1.1 shows the basic structure of an acoustic echo canceller. The signal x(k) is the
input speech signal and e(k) is the real acoustic echo signal. The signal e(k) is the echo
replica generated by an adaptive filter whereby the coefficients of the filter are adjusted by
the LMS algorithm to minimize the error signal r(k).

x(k)

w(k)

e(k)

h(k)

e(k)

Fig. 1.1: Basic structure of the acoustic echo canceller.

s(k)

The updating of the filter is done with the error signal r(k) and the input speech signal
x(k). The updating is disturbed during double-talk periods by the speech signal s(k) and
the adaptive filter will quickly diverge from its converged state. To avoid this, a double
talk detector (DID) is used. The DID plays a very important part in the acoustic echo
canceller. The main requirement for the DID is to detect periods of double talk quickly
and accurate. Further it should have the ability to distinguish double talk periods from
echo path variations. These echo path variations should be followed as quick as possible.
In the next chapter the adaptive line enhancer is introduced. Further on will be examined
if the adaptive line enhancer can be used as DID.
Another method for de DID using the orthogonality theorem, which is based on the
correlation between the input signal x(k) and the residual signal r(k), is introduced later
on.
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The Adaptive Line Enhancer (ALE) is in principle an adaptive linear Wiener prediction
filter fIrst proposed by Widrow et al. [Widrow75]. The LMS algorithm is used for
updating the filter. This confIguration was designed for separating signals from broadband
noise. It is generally applicable, whenever there is a significant difference between the
correlation functions of the signal and the noise. The analysis done further on this chapter
is restricted to the FIR-ALE implementation. Figure 2.1 shows the structure of the ALE.
In figure 1.1 and 2.1 corresponding names for some signals are used, but these signals are
not the same.

x(k)

x(k-a) adaptive
filter

e(k)

Fig. 2.1: Structure of the adaptive line enhancer.

2.1 ALE performance

The time domain FIR-ALE consists of an N-weight linear Wiener prediction filter in
which the filter coefficients wnCk) are updated by using the LMS algorithm. The estimation
e(k) of the input signal x(k) is given by

N-l

e(k)=L w,,(k)X(k-n-A) ,
1I~

(2.1)

with ~ the prediction distance of the filter in units of the sample period. The error signal
r(k) is used for the update of the filter, where

r(k)=x(k)-e(k) . (2.2)
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The LMS algorithm, used for the update, expressed in vector form is as follows:

with

.nk-~)= Ix(k-~),x(k-l-~), ...,x(k-N+l-A)]T ,

and

H!(k)= [wO(k),w1(k),...,WN _1(k)]T .

5

(2.3)

(2.4)

(2.5)

Substitution of formula (2.1) into (2.2), followed by substitution of formula (2.2) into (2.3)
results in

(2.6)

Taking the expectation of both sides from formula 2.6 results in the following expression:

E {lrlk+ I)} =E {~k)} +2a:[E{.I(k-A)x(k)} -E{.I(k-A).IT(k-A)~(k)}],

or

with

and

E {»;(k+l)}=E {H!(k)}+2a[d-R.aE i»;(k)}] , (2.7)

(2.8)

(2.9)

Ru is called the NxN autocorrelation matrix of the input vector !,(k) and Q is the Nxl
cross-correlation vector between x(k) and the delayed input !,(k-A). For k--.+oo, E{ w(k)}
converges to w·, the optimum Wiener A step prediction weight vector is then given by

(2.10)
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The steady-state ALE weight vector w(k) was obtained by [Rickard79] by decomposing
w(k) into two weight vectors, where

~k) =~.+J«k) . (2.11)

In this formula M:k) is a zero mean random vector causing misadjustment to the optimum

weight vector. For small a and stationary signals and noise the misadjustment due toMk)
is virtually constant for a reasonable observation time. Thus w(k) can be seen as a random
vector with mean w· and covariance a~ caused by the vector ~k), where

(2.12)

The ALE output e(k) can be seen as the superposition of the Wiener filter and misad
justment filter outputs excited by the input signal x(k). This model will simplify the
analysis of the ALE performance. Expressing the ALE output mathematically with this
model gives

e(k)=e ·(k)+i(k) •

with

N-l

e -(k)=E ~T(k)~· •
•=0

and

N-l

i(k)=L ~T(k)'M.k) .
1=0

For the ALE model the input x(k) is assumed to be of the fonn

x(k) = s(k) + n(k) ,

(2.13)

(2.14)

(2.15)

(2.16)

where s(k) is, in general, the sum of a number of narrow-band components, and n(k) is a
zero-mean white Gaussian noise signal with power a~ which is independent of s(k).
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Now we can calculate the autocorrelation function Pe(l) of the estimation signal e(k). The
autocorrelation function is given by [Rickard79]

p.(l)=E{e(k)e(k+l)}

N-l N-l L-I'I-l
rr**Z. 2~ **= LJ LJ w, wp PII( +J-p)+oll L.J w, w'+I'1
,=0 p:(j ,=0

(2.17a)

111~N-l ,

N-l N-l

P.(l)=E E w,*w;PII(l+i-p) + aJminNplI(l) ,
,=0 p:()

with Ps(l) the autocorrelation function of the signal s(k).

(2.17b)



ALE with sinusoidal input signal

Chapter 3

ALE with sinusoidal input signal

8

The ALE perfonnance of the previous chapter can be applied on sinusoidal signals.
Consider the input to the ALE given by

x(k) =Asin(wok+~) + n(k) , (3.1)

where COo is known, <fl is a random chosen starting phase, and n(k) is a zero-mean white
Gaussian noise signal with power a;.
For this configuration the coefficients of the mean ALE weight vector w· can be shown to
have the fonn (Appendix A)

• 2a. (. A)W, =-coswo I+u ,
N

Os.i~N-l , (3.2)

where a· is a constant, and A is the delay time of the ALE. The constant a· is defined in
tenns of the input Signal to Noise Ratio (SNRu,)

and

A 2
SNRu.=- .

2
2°11

(3.3)

(3.4)

The filter coefficients are independent of the input signal phase <fl. The expectation of the
estimation signal e(k) is given by

N-l

E{e(k)} =L wtsin[wo(k-i-A)+~] .
,-0

(3.5)
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Substitution of (3.2) into formula (3.5) results in

For CiloN»1t, the second term above can be neglected, hence

9

(3.6)

(3.7)

Note from (3.3) that a* :0:: I when N/2'SNRin»1, and thus the mean ALE output signal is
just about equal to the sinusoidal component of the input signal. The steady-state ALE
output correlation function Peel) with a sinusoid plus white noise input signal is derived in
Appendix B, and is given by

(3.8a)

jllsN-l ,

(3.8b)

Ill~N .
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Hereby the assumption is made that the input is a stationary signal. The output power
spectrum Pe(c.o) can be found by direct Fourier transformation of (3.8a) and (3.8b). This
function is also derived in Appendix B, and is given by

(3.9)

a .20~[ 1- cosN(CiJ -CiJO> 1- cosN(CiJ +CiJO)]
+-- + .

N 2 1- cos(CiJ -<0>0> 1- cos(CiJ+CiJO)

The ALE gain is mostly obtained by comparing the signal to noise ratio of the output to
that of the input. But to verify experimental results with theoretical results the gain is
expressed in components of the power spectral densities [Zeidler90) of the input and
output (Appendix B). This gain is given by

(3.10)

All expressions are based on the LMS update algorithm. To verify the ALE gain with
experimental results based on the Normalized LMS (NLMS) update algorithm, G(ffi) must
be rewritten. The update factor a for the NLMS algorithm can be expressed in the update
factor for the LMS algorithm as follows

aLMS aLMSex = =----
NLMS o~+o~ o~(l +SNR)

This results in a new expression for G(Ol) by substitution of (3.11) into (3.10),

(3.11)

(3.12)
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3.1 ALE convergence
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Another way to express the accuracy of the ALE performance is to compare the expecta
tion of the noise signal n(k) to that of the expectation of the difference of s(k) and e(k).
This so called ALE convergence Cis expressed as

c= E{n(k)2}

E { [s(k) -e(k)]2}
(3.13)

The output e(k) of the ALE will try to estimate s(k), which is the sinusoid component of
the input signal x(k), so in the steady-state s(k)-e(k) will be small. The better the ALE
estimation, the greater Cwill become.
Formula (3.13) can be described as a function of the input SNR. Rewriting of the residual
signal r(k) gives

r(k) =x(k)-e(k) =[s(k)-e(k)]+n(k) .

The minimum mean-squared error Jmin is then given by

(3.14)

J mm =E{[s(k)-e(k)]2} +0; (3.15)

so

(3.16)

Note that the noise signal n(k) has to be uncorrelated with the estimation signal e(k). This
is true when n(k) and n(k-A) are uncorrelated, thus for a white signal when A ~ 1. The
ALE convergence is then given by

c= 1
Jmm--1

2
all

(3.17)
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For the ALE with a sinusoidal input signal, the mean-squared error Jmin in the steady-state
can be computed from (2.8) and (3.2), given by

2 A
2 2( SNRln JJmbJ.f;;0Il+(I-a*)-=oll 1+ .

2 1+ NSNRua
2

(3.18)

The mean-squared error is being influenced by the misadjustment of the filter coefficients.
The steady-state mean-squared error Jmin, with influence of the total misadjusnnent using
the NLMS algorithm for the update, of the filter is then given by

Substitution from (3.19) into (3.17) gives

(:= 1 _
SNRln--....;;.;...-+a.N

l+
N

SNRua
2

(3.19)

(3.20)
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The ALE filter coefficients require some time to converge to their fmal value. The time
constant [Treichler79] for adaption of an uncoupled weight coefficient is defined as the
time needed for that coefficient to grow of e-] of its fmal value. The time constant is given
by

1
t =-- .

II 40:1,.
(3.21)

The time constant can be used to estimate the total convergence time of the ALE. ALE
convergence is attained when all uncoupled coefficients have converged, that is only when
the slowest uncoupled coefficient has converged. The total convergence time of the ALE
is given by twice the time constant [Treichler79]. The growth time constant is defined as
the time to learn a signal, the decay time constant is the time to forget a signal which
suddenly disappears after the filter has converged. For both cases the total converge time
constants for growth and decay, with a sinusoidal input signal, are respectively

and

1
t=-----

2 2
0:(20,.+No;r)

1
t=-- .

2
20:°11

(3.22)

(3.23)

This constant times are defined for the LMS update algorithm. For the NLMS algorithm
the time constants are as follows

and

SNR". +1
t=-----

0: (2+N'SNRg)

SNRv,+l
t= .

2«

(3.24)

(3.25)
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3.3 Simulating results sinusoidal signal
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The ALE perfonnance described above will be illustrated with some simulations. The
simulations are perfonned with a sinusoidal signal with a frequency of 400 Hz and a
sample frequency of 1600 Hz. The simulation figures of the power spectral densities are
calculated with a Fast Fourier Transfonn (FFT) of 512 samples.
The theoretical results of the ALE gain according equation (3.12) are shown in figure 3.1.
For input signals with SNR > 20dB the gain can't be calculated accurate any more. If
SNRm~oo, the input of the filter only consist of a sinusoidal signal, and only a maximum
gain of 0dB can be accomplished. The ALE gain shown in figure 3.1 will thus have some
unknown maximum for increasing SNRm. The theoretical results of the total convergence
times of the ALE according equation (3.24) are shown in figure 3.2.
The results are calculated with a filter length of 256 coefficients, an adaption constant of
1O.s and a delay of ~=1.
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Fig. 3.1: ALE gain with NLMS algorithm.
'+' marks are simulation results.
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Fig. 3.2: Total ALE convergence times for
a=lO-s. '+' marks are simulation results.
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power spectral density. N=256, ~=l,
a=lO's, SNR=OdB.
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Fig.3.5: Input (a) and output (b)
power spectral density. N=256, ~=1,
a=lO·s, SNR=lOdB.

Fig. 3.6: Input (a) and output (b)
power spectral density. N=256, ~=1,
a=10's, SNR=20dB.

In figures 3.3 to 3.6 the ALE gain is shown with different SNR of the input signal. The
peak of the output spectral density of figure 3.3 is somewhat smaller as the peak of the
input spectral density. The peaks of the outputs of figure 3.4 to 3.6 overlap exactly the
peaks of the inputs. The gain results of the simulations correspond with the theoretical
results, which is shown in figure 3.1.
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Fig. 3.8: Output power spectral
densities. N=256 (a) and N=8 (b),
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Figure 3.7 shows the ALE gain for the input signal containing coloured noise. The noise
signal was generated with a FIR filter of two components. The ALE is able to suppress
the noise signal for ~=1, but better for ~=2. This was expected because for ~=l the
delayed noise signal n(k-l) is correlated with the noise signal n(k).
Figure 3.8 shows the power spectral densities for different filter lengths. For N=8 the peak
in the spectrum is reduced by 10dB and the noise part of the spectrum is not flat anymore.
This is caused by the fact that for the gain function the assumption is made that Ioo-rooI
»21t/N, but this is not true for small N.
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Fig. 3.9: ALE convergence.
SNR=-20dB (a) and SNR=OdB (b),
N=512, ~=1, a=lo-s.

Fig. 3.10: ALE convergence.
N=256, ~=1, a=l<r, SNR=lOdB.

Figure 3.9 and 3.10 show the ALE convergence for different input conditions. From the
figures it is seen that for the different input conditions the ALE convergence remains
about 20dB. This satisfies the theory results according equation 3.20. Further the figures
show that for smaller a and bigger SNR of the input signal, the total convergence time of
the ALE is decreasing. The total converge times of the ALE simulations for different input
conditions are shown in figure 3.2.
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Chapter 4

Double-talk detection using the ALE
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In the previous chapter it is shown that an ALE is able to separate noise from a stationary
signal. This knowledge can be used for the DID in the acoustic echo canceller. This can
be explained by looking at figure 4.1. The update of the filter has to be performed by the
residual signal r(k) and input signal x(k). When double-talk occurs the signal r(k) is
disturbed by the signal s(k) and the update is not performed accurate any more. The idea
is to estimate the signal s(k) from the residual signal r(k) using the ALE. After the filter
w(k) has converged, the signal r'(k) is to be assumed a white noise signal or a little
coloured noise signal, which is necessary for the error signal of the ALE to adjust to the
signal r'(k). The update of the LMS algorithm can then be performed with the signal r'(k),
so the linear fIlter w(k) is able to keep on estimating the echo path h(k).

x(k)

s(k)

Fig. 4.1: Acoustic echo canceller with ALE.



Double talk detection using the ALE

4.1 Autoregressive ALE model
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The acoustic echo canceller is used for echo cancelation of speech signals. Speech signals
can generally be proposed by autoregressive (AR) signal models. To verify the ALE
performance for AR-input signals some theoretical results has to be calculated. The
solutions for the ALE model can be calculated with formula (2.6) and (2.8). Another way
to calculate the filter weights and the mean squared error is to solve the Yule-Walker
equations [Sommen92a] for ~=1 and different filter length N, given in matrix form by:

prO]

p[l]

p[2]

p[l]

prO]

p[l]

p[2]

p[l]

prO]

1
I Np[N]

--N

p[N-I] -w1 0
N

0-w2
= (4.1)

p[N] p[N-l] p[l] prO] o

with p[n] the autocorrelation function of the input signal, W"H the nth filter weight of the
adaptive filter of the ALE, and IN the mean squared error.
Note that the Yule-Walker equations contain fonnula (2.6) in a different fonn and formula
(2.8) for ~=l. The filter weights and the mean squared error will be calculated for small
filter length N. For increasing filter length N the solutions for both methods will be more
complicated. For increasing N the filter weights and mean squared error solutions will be
given after some specific assumptions are made.

First the Yule-Walker equations for N=l will be solved. This equations are given by

(
P[O] p[l)) ( 1 1) = (J1) •

p[l] prO] -w1 0
(4.2)



Double talk detection using the ALE

Solving the equations gives the solutions for the filter weight and mean squared error by
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and

1_ p[1]
W ---

I p[O] ,

J = p2[O] _p2[l]
1 prO]

(4.3)

(4.4)

The same can be done for a filter length of N=2, which results for the Yule-Walker
equations in

[

prO] p[l]

pc!] prO]

p[2] p[l]

P[2]]
p[l]

prO]

1

(4.5)

with solutions for the filter weights and mean squared error given by

p[O]p[2] _p2[l]

p2[O] - p2[1]
(4.6)

and

J. = p3[O]-2.p[O]p2[1]_p[O]p2[2]+2.p2[1]p[2]

2 p2[O] _p2[1]
(4.7)

For N~3 the solutions will become more and more complicated. In the next paragraph the
solutions for filter length N~3 will be given for a specific AR-input signal and some
specific input conditions.
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4.2 AR(l)-input signal
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In a double-talk situation s(k) is a speech signal. It is reasonable to assume that s(k) can
be modelled with an AR-signal. To begin, the input signal s(k) of the ALE will be
proposed by an AR(I)-signal. For the AR(1) model the signal s(k) can be written as

s(k)=i(k) +as(k-l) , (4.8)

where the signal i(k) is a Gaussian white noise signal, and a some constant. The powera;
of the AR(1)-signal, which is the expectation of s2(k), is given by

:2
:2 a,

0=--
$ 1 2'-a

(4.9)

with a; the variance of the noise signal i(k).
The autocorrelation function of the input signal x(k), where x(k) is of the form according
to (2.12), is given by

(4.10)

with a~ the power of the noise signal n(k) from (2.12). The power of n(k) is only
presented in the diagonal of the autocorrelation matrix. These results can be substituted in
the Yule-Walker equations for N=1 and N=2 in the above paragraph. For N=1 the filter
weight and mean squared error is then given by

and

2lao,
WI = ,

02+0 2
$ /I

(4.11)

(4.12)
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For N=2 this results in

and
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(4.13)

(4.14)

The SNR of the AR(l)-input signal is defined as a:la~. For increasing SNR, thus when

a::> a~ one filter weight coefficient goes to the constant a, and all the other coefficients
go to zero. For decreasing SNR, the input can be seen as a white noise input signal. The
noise signal is uncorrelated with the delayed input signal, so the filter weights are not able
to adjust to any correct value, but will all adjust to zero.

4.3 ALE convergence and time constants

The ALE convergence C defined in the previous chapter can also be calculated for the
AR(I)-input signal. Looking at fonnula (3.17) it is shown that the ALE convergence is
dependent of Jmula~. The ALE convergence then appears to be a function of the SNR of
the input. The misadjustment of the filter for the NLMS algorithm has also to be taken in
regard which results for the ALE convergence for N=1 and N=2 into

(4.15)

and

c _ (l-a1SNR2 +2SNR+l (4.16)
2 (l-a12(1 +2u)SNR3+(1-a2)(2+a2+(3+a1*2u)SNR2+(1 +6u)SNR+2u '

with CN the ALE convergence for filter length N. The ALE convergence can be simplified
for some specific input conditions (Appendix C). The ALE convergence appears to be the
same for all N under these conditions when SNR»l and SNR«l.
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The ALE convergence for SNR»1 is given by

and for SNR«l the ALE convergence is given by

" 1C SIS_
N a.N 0
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(4.17)

(4.18)

All theoretical results so far are calculated for A=l. The ALE convergence can also be
calculated for other A (Appendix C). For some A these results are for SNR» 1

.AA 1
~N SIS ,

(l-a2A)(1 +a.N)SNR

and for SNR«l

.AA " 1
~., = C ::$-

N N aN°

(4.19)

(4.20)

The total time constant for a filter is that time to converge to its final state and is given by
formula (3.21). As mentioned in the previous chapter, the filter is converged only when
the slowest uncoupled filter coefficient has converged. For an AR(l)-input signal this
results in

1
't=----

2
2a.(01l +Amtn>

(4.21)

with Amin the minimum eigenvalue of the signal s(k). For the AR(l)-input signal and a
filter length of N=2, Amin is given by

2
AmiD. =(l-a)os ,

which for the total time constant and the NLMS algorithm results in

. SNR+l
't=------

2a.(1 +(l-a)SNR)

(4.22)

(4.23)
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4.4 Simulating results AR(l)-signal

The ALE perfonnance with the AR(l)-input signal can be verified with some simulation
results. All simulations are perfonned with the same AR(1)-input signal, with in the
denominator the constant a=O.9. We will try to verify the accuracy of the filter weights,
the ALE convergence and the time constants for different input and f"J..1ter conditions. For
the simulations the adaption constant a=1O-3 and the delay time ~=l unless else men
tioned.

In figure 4.2 the theoretical filter weights for a fIlter length of N=l and N=2, and for
different SNRm are given. The ALE convergence for different SNRin and fIlter length is
given in figure 4.3.
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Fig. 4.3: ALE convergence
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In figure 4.4 and 4.5 the filter weights are given for N=l and N=2 respectively, with ~=l

and SNRm=OdB. In figure 4.6 the f"J..1ter weights are given for N=2 and different SNRm
with ~=1.
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It is seen in the figures that the filter weights final value adjust to the theoretical results
for the different input conditions. For a smaller adaption constant the filter weights are
more accurate but converge slower which directly results from formulas (4.15), (4.16) and
(4.23).

The ALE convergence for different SNRin is given in figure 4.7. In figure 4.8 the first
filter coefficient W 1

2 is given for a filter length of N=2 and different SNRin• These results
are also given in figure 4.2 and 4.3, which simplifies the verification with the theoretical
results.
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In figure 4.9 and 4.10 the ALE convergence for different N and Ii. is given. In figure 4.9 it
is seen that the ALE convergence is more accurate for larger fIlter length, but the results
are worse. In figure 4.10 it is seen that for large /1 the convergence is poor, which is a
result of the bad cross-correlation between the nonnal and delayed input signal.
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4.5 Conclusions ALE with AR(l)-input signal
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When double-talk occurs we assume that the filter has converged, and the error signal
r'(k) of the acoustic echo canceller will be small. The speech signal s(k) will then be
greater as the error signal r'(Ie), which results for the signal to noise ratio of the ALE
input that SNRm» 1. In figure 4.3 it is seen that for increasing SNRm the ALE conver
gence will become worse, thus the error signal r'(k) can't be estimated accurate.

The ALE is thus not able to separate the AR(l)-signal from noise, which can be verified
by looking at figure 4.11.

l1li AR(1)-signal

~ White noise

~ + m Coloured noise

-4 -3 -2 -1 o 1 2 3 4

Fig. 4.11: Autocorrelation function for AR(l)-signal plus noise.

The adaptive filter of the ALE has converged when the delayed input vector ~(k-~) is
uncorrelated with the residual signal r(Ie). In figure 4.11 it is seen that for k=O the
correlation of the AR-signal and the noise signal are added, and the adaptive filter will see
no difference between both, and is thus not able to separate both signals. If coloured noise
is used there is even more correlation of the AR-signal added.
The ALE perfonnance is given for an AR(l)-signal, but all AR-signals and even a speech
signal will have correlation at k=O and will thus have the same problems.

The use of the ALE as DID is thus not recommended because poor updating of the filter
is expected. The ALE is capable to separate a noise signal from another signal, which has
correlation with no influence on the correlation of the noise signal (see ALE performance
of the sinusoidal signal).
In the next chapter another method for the DID is described, based on the orthogonality
theorem.
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Chapter 5

A double-talk detection algorithm based on the
orthogonality theorem
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In the previous chapter it is seen that the ALE is not able to separate s(k) from the error
signal r'(k)=e(k)-e(k) of the acoustic echo canceller, so the echo canceller is not capable to
keep on adjusting the LMS filter correct during double-talk periods. In this chapter some
other methods for double-talk detection are studied.
Conventional Double-Talk Detectors (DID) detect double-talk by comparing the signal
levels x(k), e(k)+s(k) and r(k) of figure 1.1. But when double-talk occurs or the echo path
is changing the signal-levels e(k)+s(k) and r(k) will increase, which results for some cases
that the conventional DID will see echo path variations for double-talk and the adaption
will be hold (freezing), when adjustment is required. Thus with this principle it is not
possible to distinguish double-talk periods from echo path variations.
A DID based on the orthogonally theorem developed by [Ye91] solves this problem.

x(k)

w(k)

e(k)

h(k)

e(k)

Fig. 1.1: Basic structure of the acoustic echo canceller.

5.1 The orthogonality theorem

s(k)

The principles of an acoustic echo canceller are based on the orthogonality between the
input vector ,!.(k) and the residual signal r(k). After the echo canceller has converged, and
if x(k) or r(k) is of zero mean, the orthogonality theorem is satisfied:

E [r(k)d(k)] =0 . (5.1)

This means that the residual signal r(k) is orthogonal to the input vector ,!.(k), and the
adaptive filter will then be frozen for further updating.
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If the adaptive filter is converged and double-talk occurs, the residual signal will increase
with the signal s(k). As long as the signal sCk) is uncorrelated with the input signal x(k),
the orthogonality theorem holds:

E [r(k)x(k)] =E [(r'(k)+s(k»x(k)] =0 , (5.2)

with r'Ck)=e(k)-e(k) very small, so r'Ck) is of no influence in formula (5.2). When the echo
path changes, the residual signal will be correlated with the input again, and the orthogo
nality theorem can't be satisfied any more and the adaptive filter will start on adjusting to
follow the echo path variation. It can be concluded from the above that the cross-correla
tion function between r(k) and !,(k) is insensitive to double-talk but sensitive to echo path
variations.
The average cross-correlation (ACC) function used in [Ye91] is as follows:

(5.3)

This function is expressed in the time domain, with Cj(k) the cross-correlation coefficient
between x(k-i) and r(k) and N the filter length of the adaptive filter. The cross-correlation
coefficients Cj(k) update algorithm is described below:

P;(k) = ').P;(k-l) + (1- ').)r 2(k) ,

Pj
2(k) =').P;(k-l) + (1-').)x2(k-i) ,

PrJ(k) = ').PrJ(k-l) +(1-').)r(k)x(k-i) ,

(5.4)

(5.5)

(5.6)

Prik)
C(k)--~-

• - Pr(k) P.(k) ,
i=O,l,...,N-l . (5.7)

The exponential weighting factor A, which is for all ACC coefficients the same, deter
mines the time constant and the accuracy of the ACC function. The smaller A, the better
the tracking capability, but the worse the accuracy of the ACC.

The working of the DID is described in the following detection algorithm:
• When ACC(k) decreases below a certain threshold B, the detector decides that the

filter has converged and the filter coefficients will be frozen.
• When ACC(k) is larger than the threshold 0, the detector decides that the filter has

not converged or the echo path has changed and the filter will go on adjusting.

In practice O,9d<1 is chosen for the exponential weighting factor. The proposed DID by
[Ye91] has proved to have excellent double-talk interference protection and echo path
tracking capability.
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5.2 Double-talk detector in the block frequency domain

29

The DID to develop is mend for an acoustic echo canceller working in the block
frequency domain [Sommen92b]. An implementation of the Block Frequency Domain
Adaptive Filter (BFDAF) with the DID is depicted in figure 5.1. The showed filter
contains a constrained window function g. If the update of the ACC is determined in the
time domain and the block length L>1, the calculation is more complicated, because some
information of the previous block period has to be hold in memory if the ACC function
has to be correctly executed. If the BFDAF is used, it is easier to calculate the ACC in the
block frequency domain as follows:

C [1eL] C· [IeL)
Ar"'r"'[kL] _ T~ T~

~ - I! [1eL]~ [1eL] ,
r ;E

(5.8)

with ACC[kL] the average cross-correlation vector, which is calculated every block period
L. The updating of the cross-correlation vector coefficients in the block frequency domain
is described below:

/!. [IeL) =AI! [(k-1)L] + (1-A)R[leLlB·[IeL) ,
T r

P [/eL) = AI!. [(k-l)L] +(1-A)XIIeL)X·[kL) •
JC :It

C [1eL] =AC. [(k-l)L] + (l-A)R[IeL)X·[IeL] .
r~ T~

(5.9)

(5.10)

(5.11)

Detection algorithm:
• When a certain coefficient of ACC[kL] decreases below a certain threshold 0, the

detector decides that the corresponding filter coefficient has converged and that
filter coefficient will be frozen.

• When a certain coefficient of ACC[kL] is larger than the threshold 0, the detector
decides that the corresponding filter coefficient has not converged or the echo path
has changed which influences the corresponding filter coefficient and will go on
adjusting.

In figure 5.1 also a detailing picture of the DID given, where the vector U[kL] is the
update part of the filter given by

(5.12)
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rtk-L+1]

x[k)

B=N+L-1
L>=1

•

It.lkL)

------------ - -.-----------------------I
I.. ------._------ -- -~-.- ------------------

Fig. 5.1: Acoustic echo canceller with DID using BFDAF update algorithm.
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From simulations it appears that the acoustic echo canceller produces bad results when not
all filter coefficients are updated simultaneous as given in equation (5.8). This can be
verified on the basis of an example. The FFT length B can be implemented most efficient
ly by choosing B as a power of two. The best performance of the acoustic echo canceller
is get by choosing the block length L=N+l, which results in B=2N [Sommen92b].

This example (see also Appendix D) shows the influence of some filter coefficients on a
specific filter coefficient. This can be done by changing the echo path after the filter has
converged. For this example an echo path of length N=4 is chosen, resulting in L=5 and
B=8. The echo path before changing contains the following filter coefficients h(k)=(O.O,
0.036, 0.551, 0.720). The filter coefficients in the block frequency domain can be
calculated by the FFT of the echo path. This results for the filter coefficients of the weight
vector NkL], after the filter has converged, in

ltlkL] =(1.307. -o.484-1.086i, -0.551 +O.684i,0.484+0.016i, -0.205)'. (5.13)

Looking at only the first Nj2-1=5 filter coefficients is sufficient because the FFT results in
a symmetric vector. In this example we will look at the first filter weight Wo[kL], which
equals 1.307 before the change of the echo path (see figure 5.2).
After convergence is achieved the echo path is changed by adding a constant ~=O.l to
each coefficient in the time domain. Wo[kL] is then changed with 4~ resulting in 1.707
and by adjusting only this filter coefficient, the influence of the other coefficients on
Wo[kL] can be derived after convergence has achieved. The error of the weight vector
W[kL] can then be seen as

H1:kL] =~O(EWD' 1-i(1 +{i),0, 1+i(1-{i),Oy , (5.14)

with W[kL] the error of the weight vector and ~wo the error of the filter coefficient
Wo[kL] after convergence. Thus not all frequency coefficients of the echo are changed.
The signal vector SkL] calculated with an IFFT and a window function (see figure 5.1) is
subtracted from the echo signal i[kL], which results for the residual signal in

(5.15)

The error~o made after convergence has achieved can then be simple derived (Appen
dix D). The error ~o = 4£\0 = 0.4. This results for the final state of the filter weight
Wo[kL]=2. 107.
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Some simulations of this example are made in the next figures. The simulations are
accomplished with an adaption constant of a=5.Hr2 and an AR(l)-input signal. At 5,000
samples the echo path is changed. In the figures the real part of the filter weights and the
excess mean-squared error Jex[k] are shown. with

2." .---------.-----,.-----.-----,-------,

'"

,...
rol
ltl
Ql

~ 0.5
1 ---i~......:..L+-.L:.::::;:=~=;:;;==:::l

I': rl' ; j I !
>0 .-.__..••••••ty_..-.ta.2.j +~~.L. _.+_ _ .

!Vi (a)! ~ !

(5.16)

20,------,r------y-----.------r-----,
! j (a) I

I I·r I _.~_._-

I !.: ;-20 ..----.--<-.--- +..-",.._..- .._.-~....._--
l ! i 'l
1 l t 1 !

-40 . . ...._ ..~_..+.••~_..-._..- •._•._. ·~····t········-········· ..············_···
2: I i 1\ I (b) l
~ l i \\i / l

....., -80 - ._-_..-+......_-_...~......... _··t·~jt."········ __·····+·······__········
i ! i \ i

_~:: ~~:..······=!::::~:~::~=t:::::~.~t~:l~:~:~~:_.l :: .
! i j i

-, O~--:2,-;fOOO::::---:4-!:OOO=--"""..OOO-==--=.OO~O--:'-:::'.0000 -, 20Q~--:2~O'=:OO::-----:4c=OOO::::---=.-!:OO::::O----::-.O:=:O:::-O--:,~OOO

Samples Sample..

Fig. 5.2 and 5.3: Real part filter weights and Jex[k] for only Wo updated (a).
Woo WI and W3 updated (b) and Jex[k] for all weights updated (c).

When only the filter weight Wo[kL] is adjusted after the echo path has changed. this filter
weight converges to a value of about 2.1 as derived in this example. When the three error
coefficients Wo[kL]. WI[kL] and W 3[kL] of equation (5.14) are adjusted, the filter weights
converge to their correct values. This is also the condition when all ftlter weights are
adjusted simultaneous. but the filter converges faster to its steady state. The best perfonn
ance is thus get when all filter coefficients are updated simultaneous.

So if this double-talk detection algorithm in the block frequency domain is used according
equation (5.8). a situation may occur as described above, which results in bad performance
of the filter. The occurrence of such a situation can be caused as follows: when not all
filter coefficients are converged or when some frequency coefficients of the echo are
changed after convergence, and not all filter coefficients begin with adjusting simulta
neous. the filter weights will influence each other as described in this example. The filter
coefficients will then get in a kind of balance. but all weights will have a small remaining
error resulting in an unsatisfactory performance of the filter.
That not all filter coefficients will begin with adjusting the same time is caused by the fact
that not all frequency coefficients of the echo change with the same value, and the
performance depends on the kind of input signal.
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5.2.2 Simultaneous update

The influence of the filter weights on each other is minimized when all filter weights are
adjusted the same time and with the same significance as seen in figure 5.2 and 5.3. That
all weights are updated with the same significance can be accomplished by good normaliz
ation of the adaption constant. The ACC function used for this double-talk algorithm has
to be a constant, realized by calculating the average of the coefficients of each cross
correlation vector coefficient, which results for the ACC function in

C. [kL]2
ACC[kL] =~~r,IC~~;;

I!. [/eLl •~ [kL]
r z

(5.17)

The updating of the cross-correlation vector coefficients is done the same way as with the
previous DID in the block frequency domain, according equations (5.9) to (5.11).
The working of this DID in the block frequency domain is the same as the working of the
DID in the time domain mentioned in paragraph 5.1, but now every block period L is
checked if the adaptive filter has to be frozen or go on adjusting.

To be certain that the filter coefficient is frozen when necessary a second threshold can be
introduced to guarantee this. The second threshold ~ whose value is greater than the value
of the first threshold 81, is only taken in regard when a certain filter coefficient has con
verged and thus is frozen. When ACC[kL] becomes larger than ~, the filter starts to go on
adjusting again and the whole procedure will be starting at the beginning again.
The advantage of a second threshold can be illustrated on the basis of a simulation. In
figure 5.4 and 5.5 ACC[kL] and the mean-squared error Jex[k] are shown for both, one
threshold and two thresholds in a double-talk situation.
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Fig. 5.4 and 5.5: ACC[kL] and Jex[k] for one threshold (a)
and two thresholds (b).

The simulations are accomplished with a filter length of N=16, an adaption constant of
a=2.10-3 and the exponential weighting factor ),,=0.98. In the figures is seen that the
ACC[kL] is reached the flrst threshold 81=0.02 at about 2500 samples. At 10,000 samples
a double-talk signal is added. If just one threshold 81 is used the ACC will arise above this
81" The use of a second threshold 82=0.06 avoid this, and the filter coefficients still will be
frozen.
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5.2.3 DTD parameters

From now on the DID will be considered to operate with a constant ACC component, so
all filter coefficients can be frozen at once and two thresholds, which ensures double-talk
detection.
To verify the working of the DID some simulations can be made. But for a good
implementation of the DID in the acoustic echo canceller the parameters of the DID must
be understand better. The DID-parameters are the exponential weighting factor A. and the
two thresholds 01 and 02' which has to be chosen properly. For a good working of the
DID it is necessary to know what the influence is of the parameters of the adaptive filter
on the DID, with the main two parameters the adaption constant a. and the filter length N.
For a smaller adaption constant the filter will converge slower to its optimum value. In
signal estimation problems a rate of convergence (v20) is defined as a quantity which is
related to the number of iterations required for an algorithm to decrease the quantity
1000g(Jex) by 20 dB. For the constrained BFDAF algorithm the rate of convergence v20 is
given by

1.15
Lv20 =-- .

a
(5.18)

Equation (5.18) shows that the rate of convergence is linear dependent on Llo.. The time
needed to detect that the filter has converged with the DID is expected to be also linear
dependent on L/a.. In paragraph 5.2.1 was mentioned that the best performance of the
acoustic echo canceller was obtained for L=N+l, thus for this realisation v20 and the
detection time of the DID are dependent on N+1/a. Some simulations are made to see
how ACC[kL] and Jex[k] depends on a and N.
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Fig. 5.6 and Fig. 5.7: ACC[kL] and Jex[k] for aL=lo-3 and N=64 (a),
a.L=5.1O-4 and N=64 (b) and aL=1O-3 and N=32 (c).

From figures 5.6 and 5.7 can be concluded that the mean-squared error is almost perfectly
linear dependent on the adaption constant a. and the filter length N. The ACC function
however is not perfectly dependent on a. and N. To obtain the same echo cancelling
performance for different a. and N, the thresholds of the DID must be chosen in relation
to the filter length N and the adaption constant a..
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As mentioned before the exponential weighting factor A. determines the time constant and
the accuracy of the ACC function. The smaller A., the faster the detection of convergence
of the filter, but the worse the accuracy of the ACC. To get the same results for different
A., the first threshold 01 can be changed (see figure 5.8 and 5.9)
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Fig. 5.8 and 5.9: ACC[kL] for 1..=0.95 (a), 1..=0.97 (b),
1..=0.98 (c) and 1..=0.99 (d), and Jex[k] for all A..

In figure 5.8 and 5.9 it is seen that for increasing A. the ACC will converge slower and
thus 01 must be chosen greater to achieve the same excess mean-squared error Jex[k]. For
1..=0.95 in figure 5.8 the ACC will raise above the second threshold ~ after some time.
This is caused by the fact that if all weight coefficients are frozen the adaptive filter is a
constant fJlter with all filter coefficients making a small constant error. The residual signal
!iJkL] can then be interpreted as the input signal X[kL] filtered by a constant difference
filter .Q[kL]. The OlD has already detected convergence of the filter and LJkL] will be
small. But LJkL] and thus R'[kL] is now again correlated with the input signal X[kL] and
the ACC will detect the correlation after a while and will go on adjusting again. For small
A. the correlation between X[kL] and R'[kL] is detected the quickest.
The DID detects the new correlation fast, if the average of the coefficients of the
difference filter is large. For increasing filter length N the average of the coefficients will
become smaller and detection of new correlation will become slow.

If new correlation is detected, double-talk can occur. From figure 5.10 and 5.11 it is seen
that the DID will immediately freeze the filter coefficients, so it is obvious that in the
described situation double-talk has no influence on the double-talk detection algorithm.
This is caused by the fact that £.[kL] and ~,x[kL] of respectively formula (5.9) and (5.11)
are very small due to the small residual signal .BIkL]. If then double-talk occurs the
residual signal contains mostly information of the double-talk signal and the update part of
equations (5.9) and (5.11) will be much greater then respectively £.[kL] and ~x[kL], so
the OlD detects that the signals are uncorrelated and the filter weights are frozen.



A double-talk detection algorithm based on the orthogonality theorem 36

0.2.-----.---r--"TT""-,..----,-------, 20.-------r----,..-----r-----,

.., ....

-eo

-,OOO=-----:!-----=2------:!:s,----------'..

Sample..

! I I'\---1r----1----··r-·--·--. I I
i : !--I . --11"....·......·

2 I : II
>< -40r---..,--:----·,..-··---..,t..·-....·..-......
~ I j 11: a)! !I

_. .---- ---.---# _ ..
(tl) I lJ

I I,
-80 -----t-'..-=;..x:---'..----..! _...._ ..-......

i

.., ....'"
Sample..

0.1.

0.12

0.'.

0.0. -

Fig. 5.10 and 5.11: ACC[kL] and Jex[k] for double-talk situation with DID (a)
and without DID (b).

From figures 5.10 and 5.11 it is seen that the DID immediately detect double-talk even if
the DID is staying in the described situation.
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5.3 Simulations

5.3.1 Echo path variations
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With this double-talk algorithm based on the orthogonality theorem we want to propose a
minimum echo cancellation of 50dB in the acoustic echo canceller, based on some publi
cations. The echo cancellation is defmed as 1/Jex[k]. A more realistic interpretation of the
acoustic echo canceller is made with a filter length of N=256 weights, an adaption
constant a=1O-1 and an AR(l)-signal for the input and the double-talk signal. We want to
verify the working of the DID by simulations of double-talk periods and echo path
changes. All simulations with stationary input signals are made with an AR(l)-signal.
In figure 5.12 and 5.13 ACC[kL] and the excess mean-squared error Jex[k] are shown in a
echo path change situation at 20,000 samples.
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Fig. 5.12 and 5.13: ACC[kL] and Ju[k] for A=O.9, Bt=O.01 and ~=O.03 (a),
A=O.95, B1=O.02 and ~=O.05 (b) and for no DID (c).

From the figures is seen that both cases of double-talk detection are able in echo path
tracking, For A=O.9 the echo path tracking with DID is faster in comparison with the
adaptive filter without DID.
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5.3.2 Double-talk periods

With "-=0.9 the working of the DID in a double-talk situation is simulated. In figure 5.14
and 5.15 ACC[kL] and Jex[kL] are depicted with a double-talk situation at 20,000 samples.
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Fig. 5.14 and 5.15: ACC[kL] and Jex[k] for 01=0.01 and ~=O.03 (a)
and O2=0.08 (b).

For the double-talk situation a good second threshold O2 has to be chosen to be sure that
the DID detects the double-talk. For ~=O.08 the DID shows good performance for the
chosen example, and the echo path tracking ability is not getting worse (see figure 5.16
and 5.17).

5.3.3 Echo path variations and double-talk periods

In figure 5.16 and 5.17 as well double-talk as echo path change occur at the same time. At
20,000 samples the echo path is changed and some time after 20,000 samples a double
talk signal is added.
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If double-talk occurs just at the same moment as when the echo path changes, the DTD
won't detect the double-talk, but if double-talk occurs a little later, and the adaptive filter
has converged somewhat, then the DTD is able to detect the double-talk.

Another possibility that as well double-talk as echo path change occur at the same time is
when the echo path is changed during double-talk. The filter is then frozen and the DID
will detect echo path change. The adaptive filter is then not able to adjust the filter the
right way, which results in bad perfonnance. A simulation of this situation is showed in
the next chapter when non-stationary input signals are used.



DID with non-stationary input

Chapter 6

DTD with non-stationary input
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The acoustic echo canceller is used to perform echo cancellation on speech signals. In the
previous chapters a speech signal was always interpreted by an stationary AR-signal, but
in reality the speech signal is a non-stationary signal. To improve the verification of the
working of the acoustic echo canceller and the DID, it is possible to use a real speech
signal. Another possibility is to use a non-stationary AR-signal [Gemert94], which is a
realistic interpretation of a speech signal and easy to simulate. For the simulations of the
acoustic echo canceller and the DID this non-stationary signal is used.

6.1 Non-stationary AR-signal

Non-stationary input signals have another influence on the properties of adaptive filters
than stationary signals. The statistic properties of a non-stationary signal is changing
during time. For the update in the frequency domain the update is normalized with the
power of the input signal, but when the statistic property of a signal is changed the power
is changed and the update is performed with a wrong normalization. So as a result on this
bad normalization the rate of convergence and the final misadjustment will change. In this
chapter we want to examine the influence of non-stationary signals on the DID.

The non-stationary AR-input signal is generated by a noise source with power 0;=1
followed by a filter with one complex pole pair. This complex pole pair (PI) is changing
with time to another complex pole pair (P:z.) and back.
The input signal x(k) is proposed by an AR(2)-signal with the complex pole pair changing
from PI to P2 during 2000 samples in 50 steps. The non-stationary double-talk signal s(k)
is proposed similar with the complex pole pair changing from P3 to P4 during 2550
samples in 50 steps (see figure 6.1).

Pole properties:

• PI: Rpl=O.90,

• P2: RP2=O.90,

<l>PI=4S

Fig. 6.1: Positions of the complex
pole pairs.
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In figure 6.1 the positions of the poles are shown. The poles maximum radius Rp=O.98,
resulting in maximum power of the signals in those positions. If the pole pair is changing
from position PI to P2 the radius is decreasing and after the pole pair has crossed the
imaginary axis the radius is increasing again. This results in decreasing en increasing
power of the signal. Such a power variation is also obtained for the other signal with the
complex pole pairs P3 and P4.

Power of the signals:
2

• x(k): PI~aJt=22.2 (13.5dB),
2

P2~aJt=44.3 (l6.5dB).

• s(k): P3~ a~=44.3 (l6.5dB),
2

P4~a$=14.8 (11.7dB).

If the filter has converged the final misadjustment will not have a constant value, because
the input signal is non-stationary. This is caused by the changes of the signal input power,
resulting in bad normalization. These changes of the power result in non-regularities in the
excess mean-squared error Jex[k]. The convergence properties are better shown when the
difference of the filter weights with the optimum weights are given. This function is
defined as

N-l

d[k]2 =1.. :E (hi-wi '
N,cO

(6.1)

with hi and Wi respectively the optimum filter weights and the adaptive filter weights given
in the time domain.

6.2 Non-stationary simulations

For the non-stationary input signals some simulations of the acoustic echo canceller with
the DID can be made. With the simulations the working of the DID is examined. The
simulations are performed with a filter length of 256 weights, an adaption constant of
a=IQ-l and the two thresholds chosen as B1=O.OI and ~=O.l.
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6.2.1 Echo path variations

In figure 6.2 and 6.3 ACC[kL] and d[k]2 for a echo path change at 20,000 samples are
showed.
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Fig. 6.2 and 6.3: ACC[kL] and d2[k] for double-talk at 20,000 samples with DID (a)
and without DID (b).

The figures show that for the chosen non-stationary input signals the DID still works
properly. The exponential weighting factor and the two thresholds has to be chosen in
practice to verify the working in practice.

6.2.2 Double-talk periods

In figure 6.4 and 6.5 a double-talk signal is added at 20,000 samples. In the figures
ACC[kL] and d2[k] are shown.
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Fig. 6.4 and 6.5: ACC[kL] and d2[k] for double-talk at 20,000 samples with DID (a)
and without DID (b).

The DID shows good performance in double-talk detection for non-stationary input
signals.
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6.2.3 Echo path variations and double-talk periods
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In figure 6.6 and 6.7 ACC[kL] and d2[k] are shown for as well double-talk as echo path
variation occur at the same time.
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Fig. 6.6 and 6.7: ACC[kL] and d2[k] for double-talk at 20,000 and echo path change at
25,000 samples (a) and echo path change at 20,000 and double-talk at 25,000 samples (b).

The DID is not able to detect double-talk and echo path variations properly if both occur
at the same time.

6.3 Conclusions DTD based on orthogonality theorem

The DID is able in accurate echo path tracking and double-talk detection for both the
working of the DID with non-stationary input signals and the working of the DID with
stationary input signals.
For increasing N the exponential weighting factor can be chosen somewhat smaller,
because for a large filter length N the average of the coefficients of the ACC function are
more precisely. The introduction of the second threshold has proved not to be of any
influence on the echo path tracking, but gives better insurance that double-talk can be
detected.
The DID shows bad performance when as well double-talk as echo path change occur.
If the DID is used in practice the parameters of the DID must be chosen again to obtain
good performance.
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• The adaptive line enhancer is capable to separate a noise signal from a sinusoidal
signal. But if the autocorrelation function of the input signal influences the
autocorrelation function of the noise signal, the ALE is not able to separate the
signal and the noise. So the ALE is not able to separate an AR-signal and noise. A
speech signal, which can be modelled with an AR-signal, can thus not be separated
from noise.
If double-talk occurs in the acoustic echo canceller, this double-talk signal can't be
separated from the error signal. The use of the ALE as DID is thus not recom
mended because poor updating of the adaptive filter in the acoustic echo canceller
is expected.

• The DID based on the orthogonality theorem is able to distinguish double-talk
periods from echo path variations.
If both occur separately, the DID is able in accurate echo path tracking and
double-talk detection for both the working of the DID with non-stationary input
signals and the working of the DID with stationary input signals.
For increasing N the exponential weighting factor can be chosen somewhat smaller,
because for a large filter length N the average of the coefficients of the ACe
function are more precisely. The introduction of the second threshold has proved
not to be of any influence on the echo path tracking, but gives better insurance that
double-talk can be detected.
The DID shows bad performance when as well double-talk as echo path change
occur.
If the DID is used in practice the parameters of the DID must be chosen again to
obtain good perfonnance in practice.

• To improve the performance of the DID, a solution has to be found when as well
double-talk as echo path change occur.
Another possibility to use the DID in the acoustic echo canceller, is to use the
average cross-correlation vector as update for the adaptive filter.
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Mean ALE weights for sinusoid in white noise

Consider the delayed signal

x(k-~) =s(k) + n(k) ,
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(AI)

where s(k)=Acos(roJe-Hl» and n(k) is a zero-mean white Gaussian noise signal. This signal
is filtered by a linear filter ~ so the output Signal-to Noise Ration can be defined as
[Clarkson93]

(A2)

where the signal vector ~=[Acos(C1)Je+<l»,...,Acos(C1)o(k-N+I)+cI»]t, and the noise vector
.!!k=[n(k),n(k-l),...,n(k-N+l)r. The maximum of SNRout is equivalent to the solution of the
filter weights.
Using Lagrange multipliers, we may write a modified function J as

(A.3)

where Ra=~t, ww=l is a constant, and A. is the Lagrange multiplier. Differentiating of
(A.3) gives

(A.4)

From (A.4) can be derived

or

(AS)

following from the second term of (A.2). From the above equation it is shown that SNl\"ax
correspondent to Amax and the optimal mean ALE weight vector w· is then given by
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Substitution of (A.6) into (A.4) gives

Cancelling the scalar tenns .§.tW*, (A.7) may be written as

[ ~*'~ ~__1 .=s.
w.~. k •

Solving (A.8) gives the following solution of w*
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(A.6)

(A.7)

(A.8)

(A.9)

with c1 a constant it is seen that the weight vector has the same components as the input
vector .§.t, given by

or

W,· =C[cos(c..>oi+y)] , (A.10)

where C=c1A and y=-ep-roJc. Rewriting the constant C as the constant 2a*/N, we only have
to find the constant a* and the phase 'Y to obtain the mean ALE weight vector. Both can be
derived by solving equation (2.6) in rewritten fonn

(A.ll)

with Rxx as the autocorrelation matrix of the input signal x(k). The autocorrelation function
of a sinusoidal signal is given by

(A.12)
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Equation (A.11) can then be written as an equation for each weight coefficient separately
by

(A.I3)

j=O,l,...){-l ,

with A the delay time of the ALE. Note that for the ALE !!>O, O(j+A)=O for j~O, which
results in

2a. 2a_N-1

o~-cos[c.>o(i+.d)] +o~-L cos[c.>o(i-J)]cos[c.>J+y] =
N N 1=00

= a~cos[c.>o(i+.d)] •

Expanding the second tenn of the left-hand side by goniometry, and assuming that

N-l

L cos[c.>0(2i -J) +y] - 0 ,
1=00

(A.14)

which is true by assuming that the filter length spans an integer number of periods of the
sinusoidal signal, results in

(A.I5)

A solution of these equations is provided by rAmo. when it is easy to find the constant a-.
By solving above equation we get

(i)SN~

l+(~fNRm

The mean ALE weight vector is then of the fonn

(A.I6)

• 2a- C· A)w, =-cost.>o 1+ ,
N

O~i~N-l . (A.I?)
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Derivation of sinusoidal properties

Correlation function.
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The output correlation function can be derived from fonnulas (2.17a), (2.17b) and (3.2) by
substitution. Substitution of (3.2) in the first term of (2.17a) gives

(B.l)

The term after the summation signs can be decomposed by goniometry, and if we assume
that the filter length N spans an integer number of periods of the sinusoidal signal, then
the only term remaining will be the one which is independent of the variables i and p,
while all the other terms will go to zero. Equation (B.l) will then become

(B.2)

Substitution of (3.2) in the second term of (2.17a) can be calculated on the same way,
which results in

(B.3)

The third term in (2.17a) can easy be computed by filling in the autocorrelation function
<i>s(l) of the sinusoidal component.
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Output power spectra.

The power spectrum of a stationary signal x(k) with autocorrelation p(l) is defined by

-
P(CA» = E 4>(l) e -JlA>1 •,..--
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(BA)

The output power spectrum can then be derived by direct Fourier transformation of the
autocorrelation function (3.8). Transformation of the two components cosc.oJ in equation
(3.8b) will result in

(B.5)

The power spectrum of the delta function is of course given by a constant. We can derive
the power spectrum of the last component by Direct Fourier transformation, or alternative
ly by Fourier transformation of the correspondent signal component by

Deriving of one coefficient will give

(B.6)

N-l r l-e -JNlA> l-e1NlA>L e-JlA>1 = =
1-0 I-e -JlA> I-ellA>

.N
sm-CA>

2
. I

sm-CA>
2

2

(B.7)

The cross product of the two terms in (B.6) is independent of 0>, wich results for the sum
of the product in zero. The power spectrum of the last component can then be given by

N 2
sin-(CA> -CA>O>

2
+

N 2
sin-(CA> +(,.)0>

2 (B.8)
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Rewriting of fonnula (B.8) by goniometry results in the simplified equation

Spectral densities.

The input power spectrum is given by
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(B.9)

(RIO)

For the power spectra (CJ>-0>0)=2k1t!N, with k an integer. For lC1>-rool»21t1N the numerators
of equation (B.8) will be equal to zero and the denominators are within <0,1], so equation
(B.8) will go to zero. For 0>=0>0 the limit of the fist tenn in (R8) can be taken as

(B.ll)

while the second tenn again will go to zero.

The output power spectral density at 0>0 is then given by

(B.12)

The ALE gain can then easy be calculated by filling in above results.
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ALE convergence for AR(l)-signal

ALE convergence for different N.

From the fIrst and last equation of the Yule-Walker matrix it follows

N

IN==P[Ol-E(w:p[nl) •
/l,.1

and
N

p[N] =E (w; p[N-nl) ,
,.=1

with pen] the autocorrelation function of the AR(l)-signal, given by

p[n] =o:a(n) +a l/llo~ .
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(C.I)

(C.2)

(C.3)

2 2For N~2 and increasing input Signal-to Noise Ratio (SNRu,--7oo), 0,,«0. so equation
(C.2) can then be written as

N

aNf;Sw~-aN-l + EW;-aN-lI •

,...2

Solving above equation with minimization of iN in (C.l) gives for the filter weights

wt=a and w;=O for 2~n~N.

The mean squared error may then be written as

j =(1-a2)02N /I ,

which results for the ALE convergence with respect to the misadjustment

(CA)

(C.5)

(C.6)
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C
N

= 1 _

(1-a 2)(1 +aN)SNR
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(C.?)

For N~3 and decreasing input Signal-to Noise Ratio (SNRm~-oo),so a~»a~, equation
(C.2) can then be written as

so w:=O, which results for the mean squared error and the ALE convergence in

(C.8)

j = 0 2
N "

and
.. 1

C =-
N aN·

(C.9)

ALE convergence for different A.

For A>l, for the optimal Wiener solution we can write the mean squared error as

~
N+4-1 }

~=E (x[k] - E WII~1_4x[k-n])x[k] •
11=4

For the AR(l)-input signal the mean squared error will be

N+4-1 N

~=p[O]- E p[n]w'::1_4 =p[O]-a2(4-1)E p[n]w"N
11=4 /1=1

=a2lA-'\P[O]-t. p[n]w.
N)+P[O](l-a2lA -I))

=a2(4-1)jN+p[O](1-a2(4-1») ,

where IN is the mean squared error for A=l.

(C. 10)

(C. 11)
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The ALE convergence C/ can then be calculated for all A, with respect to the
misadjustment as

~ = 1

N a2(A ~It (1+:1N -1)+(SNR+1)(i-a2(>-1»)(1 +uN)-(1 -a2(A ~1»)

1=----------------
a~~ 1

.. +SNR(1-a2(I1-1»)(1 +ClN)+ClN(1-a2(I1-1»)
eN

with eN the ALE convergence for A=1.
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(C.12)

The ALE convergence can be calculated again for increasing and decreasing SNRin• For
SNRm~oo the ALE convergence can be written as

and for SNRm~-oo the ALE convergence is given by

(C.l3)

(C. 14)

For the made assumptions the ALE convergence is thus only changing for increasing
SNRm and A>1.
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Example of paragraph 5.2.1
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The fast Fourier transformation (FFf) and inverse FFf (IFFI) are described as
N-l

Fn:: freq[k] = L time[n] e -12,..bt/N • (D.1)
ncO

N-l

IFFI': time[k] =.!.L freq[n]e 12llb/N • (D.2)
Nllq)

From formula (D.1) appears that if the element-type of time[n] is real, the contents of
freq[k] is the fIrst half the frequency spectrum, which is always symmetric. For I greater
than N/2, the lth term of the spectrum would be the complex conjugate of the (N-1-l)th
element. All information of freq[k] can thus be stored in the fIrst N/2+1 elements.

Assume the following echo path h(k)=(O.O, 0.036, 0.551, 0.720). The echo path in the
block frequency domain W[kL] can be seen as the FFT of h(k) of length B filled up with
zero, thus as the FFf of h(k)=(O.O, 0.036, 0.551, 0.720, 0.0, 0.0 ,0.0, 0.0). This results in

.HikL] =(1.307, -o.484-1.086i, -0.551 +O.684i ,0.484+0.016i, -0.205)t. (D.3)

The residual signal .!r.[kL] will after convergence be approximately equal to zero. If then
the echo path is changed. !IJkL] will be equal to the product of the error vector of the
filter weights in the frequency domain and the input signal vector !o[kL].
Adding a constant of 80=0.1 to the echo path in the time domain results in an error vector
"'TIeL] in the frequency domain, calculated by the FFf of 60(1,1,1,1,0,0,0,0), given by

mkL] =&0(4.1-i(1 +12),0, 1+i(I-..j2),OY. (D.4)

If only Wo[kL] is adjusted after the filter has converged, Wo[kL] will have a remaining
error which is called AoEwe> and the error weight vector will become

1tl:kL] =&o(Ewt), l-i(1 +{i).0, 1+i(I-Ii> ,oy . (D.5)
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This results for the residual signal in
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(D.6)

The time domain residual signal is then multiplied by a window function resulting in a
residual vector !B[kL] of length B as given by

Looking at figure 0.1 it is seen that the vector is then multiplied by two Fourier trans
formations functions resulting in a time domain vector again.
The product of K[kL] and x*[kL] is cancelled by pol. The remaining vector is thus similar
to !B[kL] but without X[kL]. Multiplication with window g and a FFT results for the
update vector in

ll[kL] = (EItU-4) (1, -1,1, -1,1, -1,1, -1) . (0.8)

The update part of Wo[leL] will be equal to zero when the filter has converged. This is
true when Ewo=4, thus the error ~wo =480 =0.4.

IB[kL] B'[kL]

2(1 -1-eL

~
N l-1

wlndowg

....-----.. .lllkL]

Fig. D.I: Update part acoustic echo canceller.
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