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Abstract

As a fundamental device in acoustic echo cancellation (AEC) systems, the echo canceller based on adaptive filters relies on the
adaptive approximation of the echo-path. However, the adaptive filter must face the risk of divergence during the double-talk
periods when the near-end is present. To solve this problem, the double-talk-detector (DTD) is often used to detect the double-
talk periods and prevent the echo canceller from being disturbed by the other end of the speaker’s signal. In this paper, we
propose a DTD based on a new method that can detect quickly and track accurately double-talk periods. It is based on the sum of
energies of the estimated echo and the microphone signals which is continuously compared to the error energy. A window that
moves with time and tracks energy variations of the different input signals of the DTD represents a fundamental feature of the
proposed method compared to several other methods based on correlation. The goal is to outperform conventional hormalized
cross-correlation (NCC) methods which are well-known in terms of small steady-state misalignment and stability of decision
variable. In this work, the normalized least mean squares (NLMS) algorithm is used to update the filter coefficients along speech
signals which are taken from the NOIZEUS database. Efficiency of the proposed method is particularly compared to the
conventional Geigel algorithm and normalized cross-correlation method (NCC) that depends on the cross-correlation between
the microphone signal and the error signal of AEC. Performance evaluation is confirmed by computer simulation.

Keywords: AEC; DTD; NLMS; NCC; Moving Window.

end speech is present in order to avoid divergence of the
adaptive algorithm [3-5].

Other methods based on combined adaptive filtering
without DTD retain the advantages of both fast
convergence rate and small steady-state misalignment but
suffer from the same problems encountered in this field,
such as abrupt changes in the acoustic echo-path,
surrounding noise, and tracking capability. Indeed, they

1- Introduction

The technique of acoustic echo cancellation (AEC) known
for its interest in various applications of signal processing
plays an important role in the field of telecommunications.
The use of "hands-free" terminals allows maintaining the

speaker’s freedom of movement and ensuring the comfort
of conversations. When the acoustic echo is present in a
troublesome way, specific treatment must imperatively be
implemented to preserve the quality of communication.
The object of such a treatment is to estimate the acoustic
echo between the received signal (signal sent in the
loudspeaker) and the output of the room (signal picked up
by the microphone) then to subtract an estimate of this
output’s signal without affecting the local speech signal in
the case of double-talk (DT) [1,2]. This processing is done
by using adaptive filtering where a double-talk-detector
(DTD) is used to sense when the echo signal is corrupted
by near-end signal. The role of this main function is to
freeze adaptation of the filter coefficients when the near-
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are complex and consume more computing time [6, 7].

In this work, we propose an efficient DTD to solve the
problem provoked by the acoustic echo with the capability
to improve speech intelligibility during telephone calls. To
do this, a simulation will be started to allow a comparative
study with two other methods [8-11].

The paper is organized as follows, in Section 2, the
acoustic echo canceller with the proposed DTD is
presented. In Sections 3 and 4, the used methods and the
proposed one are formulated. The computational
complexity is illustrated in Section 5. Simulation results
are discussed in Section 6. Finally, the conclusion is given
in Section 7.
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2- Acoustic Echo Cancellation

The acoustic echo canceller is used to remove the echo
created due to the loudspeaker-microphone environment.
We present in Fig.1 the structure of the device based on
the new DT-detection method. In this case, the proposed
DTD is controlled with three input signals where the
energies of the estimated echo y(n) and the microphone

signal d(n) are continuously compared to the error energy
of the signal e(n).
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Fig. 1 Acoustic echo canceller with the proposed DTD

Note that the far-end vector signal x(n)is filtered by the
impulse response h modeling the room. At time n, the
resulting signal (echo y(n)) is added to the near-end signal
v(n) and background noise w(n) to give the corrupted
microphone signal d(n).

We have:

d(n) = y(n) +v(n) + w(n) o)

x(n)is filtered through the impulse response h to get the
echo signal:

y(n) = h'™x(n) 2
where:

x(n-L+1)]"

x(n) = [x(n) x(n-1)
h = [hohy head’

We have assumed that the length L of the vector signal
x(n) is the same as the effective length of the echo-path h.
At time n, the estimated echo y(n) is created by the
convolution of the coefficients vector of adaptive filter
h(n) with the received input vector signal x(n).

j(n) = h(n-1) x(n) 3
Where h(n) = [fo(n) 7Zu(n) ... Aea(M)]”

e o o o ———— — ——
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The estimated echo signal is subtracted from the
microphone signal, and the error signal is therefore given

by:
e(n)=d(n)-y(n) (4)

Error signal which represents the error of the impulse
response estimation is used in the adaptive algorithm to
adapt the L coefficients of the filter h.

Several algorithms have been used to update the adaptive
filter coefficients to converge to the optimal solution such
as least mean squares (LMS), normalized least mean
squares (NLMS), recursive least squares (RLS), and affine
projection algorithms [4,12-15]. As an adaptive filtering
algorithm that allows updating the filter coefficients, we
use NLMS [16] to validate the proposed method. This is
one, of the most used adaptive filtering algorithms which
is defined by:

A(n+1) Ay +——2

c+x (n)x(n)
Where h(n +1) it is the next tap weight value, and h(n) the
current tap weight value of the adaptive filter. A constant g
(0 <f < 2) controlling convergence is considered as a
stabilization factor and a step size parameter used in
updating the weight vector. The regularization parameter
is a constant ¢ > 0 that prevents division by zero [3, 12].
When the near-end signal is not present with any adaptive
algorithm, the filter h will quickly converge to an estimate
of the echo-path h and this is the best way to cancel the
echo. When the far-end signal is not present, or very small,
the adaptation is stopped by the nature of the adaptive
algorithm. When both signals are present, the near-end
signal could disrupt the adaptation of filter h and cause
divergence. An effective DT-detection algorithm is used to
stop adaptation of filter h as fast as possible when the level
of the near-end signal becomes appreciable in relation to
the level of the far-end signal and to keep the adaptation
going when the level of near-end signal is negligible. This
is the case where it is important to use efficient DTD.

e(n)x(n) ®)

3- Double-Talk-Detection

DT-detection is used with an echo canceller to sense when
echo signal is corrupted by near-end signal. Its role is to
freeze the adaptation of the filter h when near-end signal is
present in order to avoid divergence of the adaptive
algorithm.  Typically, the DT-detection algorithm
calculates a decision variable &(n) and the DT is declared
when &(n) it is lower or upper than a threshold level
T[10,11,17].

Methods based on DT-detection can be classified into two
major categories, namely signal energy based and signal
correlation based. Several methods such as cross-
correlation (CC) [18-22], coherence, voice activity
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detection, and fundamental frequency estimation have
been proposed in the literature [23-26]. Methods based on
cross-correlation between the far-end and error signals are
then proposed. Moreover, approximate versions, such as a
normalized cross-correlation (NCC), are developed but
with a different combination of DTD input signals.
Therefore, we will discuss in this study two of the most
prominent methods in order to demonstrate their
underlying ideas.

3-1- Geigel Method

A simple but elegant DT-detection algorithm was
proposed by Geigel which is widely used for its easy
implementation [8]. It is usually limited to network echo
application where the echo level is typically 6 dB below
that of far-end signal. It performs an amplitude level
comparison between the maximum of a length Lg
observation of x(n) and the microphone signal d(n), where
the decision variable is defined as :

max {|x (M)],[x (N =D)].....[x (n - Lg +1)|}

6
4 () (6)

&)=

Lg it is a constant that determines the number of past
samples of the far-end signal that are used for the DT-
detection. Decision is made by comparing &g(n) with a
suitable threshold level Tg [19].

3-2- Cross-Correlation Method

The first method based on the cross-correlation between
the far-end signal and the error signal is proposed by Hua
Ye and Bo-Xiu Wu [9]. Some approximate versions as
NCC are appeared in different articles where each method
differs from the others in the DTD input signals
[10,11,27]. Among these, we find one that depends on the
cross-correlation between the microphone signal d(n)and
the error signal e(n) which we will use in this paper with
the mentioned Geigel algorithm to compare them with the
proposed method. Note that the performance of the
proposed method in [11] is exactly similar to the best-
known cross-correlation based DTD [10].

A statistical decision &ycc of the NCC method is given by

[11]:
£y (N

Enee () :1—fd—() (7
o§(n)

Where rgq is the cross-correlation between e(n) and d(n),

and Gd2 the variance of d(n).
Encc(n), it is based on estimates f, (N)and &,%(n) which

are found by using exponential weighting recursive
estimation form [28, 29]:

4 () = A8, (1) + @ A)e(n)d () (®)
62(n) = 262(n ~1) + 1~ A)d (n)d (n) ©

Where 1 is the exponential weighting factor (0.9 <A<1).

It should be noted that this method based on recursive
estimation has a remarkable performance. However, it is
significantly simpler and computationally very efficient. In
addition, its main advantage is that only the maximum
value of cross-correlation needs to be computed instead of
computing the entire cross-correlation vector required by
the other algorithms [11].

In this work, we propose to compare particularly the NCC
method with the proposed one which is based on a moving
temporal window used to track energy variations of three
vector signals: error vector signal e(n), microphone vector
signal d(n) and estimated vector signal y(n) .

4- Proposed Method

A fundamental feature of the proposed method compared
to other ones is based on a window that moves with time
to track energy variations of each input signal of the DTD.
Three input signals to control the DTD are used where the
sum of energies of the estimated echo and the microphone
signals is continuously compared to the error signal
energy.

We get the three input vector signals of the proposed DTD
at time n as:

e(n) =[e(n) e(n-1) e(n-N+1)]" (10)
d(n) = [d(n) d(n-1) d(n-N+1)]" (12)
yn) =M y©-1) .. y(-N+)T (12)

Where N it is a constant length of the temporal window
chosen to compute initial energy. It determines the number
of past samples for each input vector signal of the DTD.
From equation 4, we define the energy of the error vector
signal as:

JeI =[dn) - g (13)
e[ =[dm)|f +[g(|F - 2d" (n)y(n) (14)
With: " . " , the Euclidian norm of a vector.

Equation 15 can be defined as the decision variable &
(n) of the DTD.
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[ + [y
With:

0< & (<1 if {d'(n) y(n) }>0
See () >1 if {d'(n) y(n) }<0

> 1fd(n) and y(n) are independents, & (n) =1, it is the
case of orthogonality when DT is present.

> 1fd(n) = y(n), & (n) =0, it is the theoretical case of
similarity when DT is not present.

Variations values of éEE (n) > 0 reflect or not the presence

of DT-situations. In Fig. 2, we show the variation range of

the threshold levels (zones Z, and Z;) where it will be

judicious that a constant threshold level (Tgg), will be set

initially in zone Z,to control the adaptive filter h.

The binary decision is then calculated as follows:

» if &g > Tge, DT detected, the binary decision = 1,
then no adaptation of the filter h;

» if &g <Tgg, DT not detected, the binary decision =0,
then adaptation of the filter h.

In practical cases or under hostile environments, the

choice of a fixed threshold level with other methods will

no longer be valid and must imperatively be replaced by

an adaptive threshold [30]. However, the proposed method

presents a nice property based on its ability to initially set

one and only one fixed threshold level with Tgg = 0.When

the far-end signal is present, the relation between the

vector signals d(n) and y(n) swings between two states :

slightly correlated (when v(n) # 0) and strongly correlated
(when v(n) = 0). It is considered that if the value of the
threshold level Tge is fixed in the zone Z,, the better the
correlation between the two vector signals ( d(n) and
y(n) ) and the adaptation of the filter h will be initiated.

Initial energies of the different input vector signals of the
DTD are computed with a constant length N of the
temporal window. The energy evolution of each vector
signal is based on the preliminary calculation of an initial
quantity of energy with a small number N of samples.

We have:

N+j-1
leIf = D e*a) (16)
i=j
N+j-1
la*= > d?0) (17)
i=j
N+j-1
yiIF= > y2a) (18)
i=j

Initially, the decision variable is calculated as:

leco)?

g (O)=—5>— ——
= o o)

(19)

When error signal e(n) evolves with time, we get the
following:

at time n=1
N N -1
le@|” = e2)= > e?(i)-e?(©) +e?(N)
i= i=0
— e -e?(©)+e2(N) (20)
at time n=2
N +1 N
le@|? = > e?) = e?(i)—e’@+e*(N +1)
i=2 i=1
=[e@| —e?@+e2(N +1) (1)
at time n=k
N +k -1 N +k -2
)= > 2= eX(i)-e*(k-1)+e*(N +k-1)
i=k i=k-1
— etk —1)f —e2(k ~1)+e2(N +k -1) (22)

Idem, we get with d(k) and y(K):

[d) =[dk -D? -d2(k ~n+d (N +k 1) (23)
YO =[9k -0 -y 2 -D+y2(N+k-)  (24)

Decision variable that evolves continuously with time is
given at k (k > 0) by:

i let- )] —€2(c-1)+e2(n+k-1)
-9 (-0 + Q2 k-1) + k-] - $2 -+ P2 +k-1)

Gee(K) (25)

5- Computational Complexity

As previously reported, energy evaluation of each input
vector signal of the DTD is computed by using a temporal
window initialized at the beginning with a constant length
N. The calculation moves with time sample by sample and
the decision variable is then evaluated on each time. In
Fig. 3, we show an example of a moving temporal window
which tracks energy variations of a signal.
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It should be noted that the initial calculation of the energy
performed on N samples for each input vector signal is
done only at the beginning of the process. Thus, and as the
evolution of these signals with time, the squared
calculation will be done only on the new sample which
replacing the oldest. Accordingly, by moving the window
sample by sample, the total energy of each input signal
will evolve continuously.
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After N iterations, a first move of the window is thus
achieved and the process works like a FIFO memory. The
Fig. 4 shows an example of the first move of the initial
window. At each time and for each input vector signal, we
have one and only one squared sample computed. We
require per iteration: 1 addition, 1 division and for each
signal vector, 1 multiplication, 1 addition and 1 subtraction
to compute the decision variable (i.e. 11 operations). A
comparison between the previous and proposed method
for the total number of computations per iteration is given
in Table 1.

Table 1: Computational complexity per iteration

Method Add Sub Mul Div Comp
Geigel 0 0 0 1 Lg-1
NCC 2 1 6 1 0
Proposed 4 3 3 1 0

The comparison indicates that Geigel method has a higher
computational complexity. The algorithm depends directly
on the tap-length Lg of the window used to calculate the
maximum of x(n) samples. On the contrary, the proposed
and NCC methods are independent regardless of this
parameter. Furthermore, the proposed method remains
faster than NCC with only three operations of
multiplication per iteration. It appears that the proposed
method can be considered more efficient for optimizing
computation time.

3

iteration [ k=2)

SN

First Move
( Initial window )

! * San-1
— IO

Fig. 4 First Move of the initial window based on FIFO technique
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6- Simulation results

In this section, we evaluate the performances of the
proposed method compared with Geigel and NCC using
three different scenarios of speech signals (Scl, Sc2, and
Sc3) which are sampled at 8 kHz and issued from the
NOIZEUS database. The echo model is based on the real
impulse response with the length of echo-path L = 128
[31,32]. The three scenarios are presented in Fig. 5.

Three criteria for evaluating the performance of the
proposed method are used: Misalignment, Echo Return
Loss Enhancement (ERLE) and the probability of miss
detection (Py,) [33,34].

The criteria are given as follows:

~ 2
Misalignment(dB) =10log, , h(nt)1—2h (26)
2
Ellam)
ERLE(dB) =10log, {‘2‘} @7)
e (o]
M
2 X(n)v(n)g(n)
Pin =1-——— (28)
> X(n)v(n)
n=1

where:
P, is defined as the probability of detection failure when
DT is present.

X(n) is the voice activity detection of far-end signal x(n).
v(n) is the voice activity detection of near-end signal v(n).
#(n) is the binary decision of the DTD.

In the first step tests, a comparison of the different
methods is performed with the background Qoise
w(n)=0.Parameters used to update the adaptive filter h are
summarized in Table 2. Geigel, NCC and the proposed
method have been performed respectively with the best
parameter values selected for the scenario Scl and
indicated in Table 3.

Table 2: Parameter values of AEC adaptive filtering

Parameter Value
B 03
C 5.10°
L 128

Table 3: Parameter values selected for the different methods

Method Parameter Value
Geigel Te 0.8
L 128
NCC Tnee 0.982
A 0.95
Proposed Tee 0.001
N 40
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Fig. 5 Speech signals of the three Scenarios, a) Scenario Sc1, b) Scenario Sc2, ¢) Scenario Sc3.
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Table 4: Parameter values of ERLE of the different methods with the three Scenarios.

Scenario Geigel NCC Proposed
Peak Average Min Peak Average Min Peak Average Min
Scl 46,49 17,14 -0,77 51,38 17,77 -0,33 52,19 19,96 -0,65
Sc2 60,50 19,69 -1,34 62,80 14,60 -0,47 67,96 23,97 -0,51
Sc3 47,98 11,26 -0,32 45,80 10,63 -0,96 45,85 11,47 -0,98
The ERLE criterion is considered to be one of the most 30 mCelgel BNCC B Proposed
used criteria in performance measurements of AEC 25

algorithms. Recommendation G.131 of the International
Telecommunications  Union  (ITU)  requires an
attenuation of more than 40 dB in the absence of double-
talk [35]. The obtained results with the above scenarios
presented in Table 4 and Fig. 6, confirm the superiority
of the proposed method with peak values of an echo
attenuation more than (52 dB for Scl, 67 dB for Sc2, and
45 dB for Sc3).

In Fig. 7, we compare the performance of the different
methods in terms of misalignment. We remark that in the
single-talk and before the apparition of the DT-period, the
filter h converges. Indeed, the proposed method maintained
the constancy of the filter coefficients as soon as a DT-
period occurred, whereas the NCC does false detection with
a relative divergence. The Geigel method has detected too
late the occurrence of DT-period with more divergence of
the filter h. Therefore, the proposed method shows its
superiority in terms of small steady-state misalignment and
stability of decision variable.

In order to validate the proposed method concerning the
choice of the parameter value of Tge indicated in Table 3, we
propose to illustrate in Fig. 8 the evolution of the decision

variable &g¢ (n) obtained with the above scenarios.
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Fig. 6 Evolution of ERLE average of the different methods with the
three scenarios

Fig. 7 Misalignment evaluation of the different methods with the three scenarios: a) Scl, b) Sc2, c) Sc3.
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It appears that with the scenarios (Scl, Sc2 and Sc3) the
decision variable fEE (n) displays a very close value to

zero during single-talk periods and confirms the choice of
a constant threshold level fixed in the zone Z,.

To assess the impact of the fixed threshold level on the
performance of the above methods, we show in Fig.9 the
misalignments obtained with different threshold levels for
the two scenarios (Sc2 and Sc3). It can be seen that the
proposed method shows for an appropriate threshold level
(Tee = 0.001) initially set in zone Z, with scenario Scl,
leads to a result without degradation of the misalignment
performance in scenarios Sc2 and Sc3. On the other hand,
with Geigel and NCC methods, it can be seen that the
threshold levels chosen with scenario Scl have been
replaced by other more adequate threshold levels thus
maintaining the performance of the corresponding
misalignments. Therefore, we consider that for the
proposed method, the Tee threshold level initially set for a
given scenario will also be valid with any other scenarios.
Rather, Geigel and NCC methods will require an adaptive
threshold level to maintain misalignment performance.
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Fig. 9 Misalignment evaluation of the different methods

with variable threshold, a) Sc2, b) Sc3.
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In Fig. 10, we propose to evaluate with scenario Scl the
impact of the length N on the misalignment of the
proposed method. The results show misalignments with
different values of N which demonstrate that a better
performance is obtained with an appropriate set of N
(N<100). We confirm that the preliminary calculation of
energies requires a small number of samples and a reduced
length N of the moving temporal window justifies a good
tracking capability.
5

T T 13
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-30
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Fig. 10 Misalignment evaluation of the proposed method with different
values of the length N

In order to evaluate ERLE and misalignment in a noisy
environment (w(n) # 0),an independent white Gaussian
noise is added to the echo signal of the scenario Scl with
different signal-to-noise ratio (SNR) in the period between
6400 and 60000samples. Note that a constant noise with
SNR =50 dB is added only to the first 6400 input samples.

The SNR is defined as:

e[ Iyl |

E[‘W(n)‘z} (29)

Near-end and Far-end signals are used with different levels
of near-end-to-far-end ratio (NFR), which is calculated as:

E[\v(n)\zJ

We show in Table 5 parameter values of ERLE in a noisy
environment obtained from the different methods with
scenario Scl. The results demonstrate a better and an
appropriate ERLE values performed by the proposed
method compared to Geigel and NCC.

Fig.11, illustrates clearly the superiority of ERLE average
values obtained by the proposed method in a noisy
environment.

SNR(dB) =10log

NFR(dB) =10log,

is Geigel ==fl=NCC ==f=Proposed
10 /*4_ |
X
/
5 —— A
=
w
-
S o
K o
- el
-10
5 10 15 20 25 30

SNR (dB)

Fig. 11 Evolution of ERLE average for the different methods in a noisy
environment

Table 5: Parameter values of ERLE of the different methods in a noisy environment.

SNR Geigel NCC Proposed

(dB) Peak Average Min Peak Average Min Peak Average Min
5 38,46 3,26 -1,36 38,46 -8,75 -30,54 38,46 4,20 -0,90
10 38,46 4,34 -1,19 38,46 -7,67 -32,05 38,46 5,38 -0,72
15 38,46 5,50 -1,41 38,46 -6,79 -31,90 38,46 6,74 -0,55
20 38,46 6,76 -1,10 38,46 -1,79 -23,13 38,46 8,22 -0,50
25 38,46 8,00 -1,18 38,46 1,95 -9,94 38,46 9,79 -0,57
30 38,46 9,71 -1,16 38,46 4,89 -7,92 40,80 11,67 -0,59

Misalignment evaluation in a noisy environment with
scenario Scl is illustrated in Fig. 12. The results show
that the proposed method presents good performances in
terms of misalignment and minimizing false detection in

the DT-situation. Robustness against additive noise of
the proposed method is clearly appeared compared to
other ones.
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Fig. 12 Misalignment evaluation of the different methods in a noisy environment, a) SNR=5 dB, b) SNR=15 dB, c) SNR= 25 dB, d) SNR= 30 dB

To simulate the change in the echo-path, we increase the
gain of the acoustic channel by 10 at sample 31000. The
obtained results with scenario Scl are shown in Fig. 13.
They demonstrate a good tracking capability by the
proposed method which can distinguish between the
near-end signal and an abrupt change of the acoustic
channel.

Objective performance evaluation based on the
probability of missed detection Py, is presented in Fig.
14. 1t is calculated with SNR = 20 dB as a function of
NFR values varying between -10 dB and 20 dB. The
used threshold for each method is chosen to give a

probability of false detection P; = 0.2 which is defined as
the probability of declaring detection when DT does not
exist. It is calculated without the near-end signal as:

o 1M
= 2 X0 (31)

The obtained result demonstrates that the proposed
method is better than Geigel and NCC in terms of the
probability of missed detection when NFR varies more
than -10 dB.
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Fig. 13 Misalignment evaluation with a change in the echo-path

7- Conclusion

In this paper, we have presented a new and efficient
method used for AEC systems where the main purpose is
to halt quickly and accurately the update filter
coefficients during the DT-periods. The method is based
on a moving temporal window that tracks variations of
the error energy compared to the sum of energies of the
estimated echo and the microphone signals. We consider
that the decision variable based on a window that moves
with time to track variations of the error energy improves
the distinguishing capability between far-end and near-
end speech signals. Computer simulation has
demonstrated the superiority of the proposed method in
terms of small steady-state misalignment, high ERLE,
and robustness against the additive white noise and
abrupt change in the echo-path. It has also presented
improvement in terms of minimizing the number of miss
detection and false alarm with no variable threshold
level. As an algorithm performed with FIFO technique,
the proposed method can be considered also efficient for
optimizing computation time. It is significantly simpler
and has the capability to outperform conventional NCC
methods. Further work remains necessary to compare it
with other recent methods.
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