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ABSTRACT
Acoustic echo cancellers are generally based on the assumption of a
linear echo path between the transducers. However the small loudspeakers that are commonly used in todays terminals can introduce
nonlinear distortions that reduce the performance of echo cancellation. In order to evaluate the degradation in performance, this paper
assesses the behaviour of ¿ve linear echo cancellers in the presence
of nonlinearities and presents the ¿rst thorough comparison of their
robustness. Even if the performance of all the echo cancellers degrades as expected, some algorithms are shown to be more robust
than others: fast converging algorithms and block signal processing
are more perturbed in nonlinear environments.
Index Terms— echo cancellation, nonlinear distortion, AEC,
LMS, NLMS, TDLMS, APA, FBLMS, Volterra model.
1. INTRODUCTION
This paper addresses the well known problem of acoustic echo.
Typically, the round-trip delay of mobile and IP networks exceeds
200 ms. Any acoustic feedback between the loudspeaker and the microphone of a terminal can be particularly disturbing for the far-end
user who can be disturbed by hearing his/her own delayed voice.
Consequently many different approaches to Acoustic Echo Cancellation (AEC) have been proposed over recent years. Common to
much of this work is the assumed linearity of electronic components
and the acoustic echo path between the loudspeaker and microphone. Under such conditions AEC algorithms generally perform
well. However, the miniaturization of transducers and enclosures
introduces nonlinear distortions which are known to degrade the
performance of linear AEC algorithms [1, 2]. Researchers have thus
sought to develop effective solutions to nonlinear AEC.
One common solution to nonlinear AEC is based on Volterra ¿lters [1, 3, 4]. Volterra solutions lead to improved nonlinear echo cancellation but tend to come at the expense of higher complexity, slow
convergence and often lead to sub-optimal, local minima MSE solutions [5]. An alternative approach involves the use of linear adaptive
¿lters followed by a post¿lter to attenuate residual nonlinear echo.
These solutions tend to be less complex than Volterra-based solutions but rely more heavily upon ef¿cient linear AEC in the presence
of nonlinearities [6, 7].
Both approaches thus rely to some extent on effective linear
AEC performance in the presence of nonlinearities. It is though,
perhaps surprisingly, dif¿cult to ¿nd a thorough comparison of the
robustness of linear AEC algorithms to nonlinear distortion (one notable exception being [8]) and thus herein lie the contributions of
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this paper. We present an assessment of ¿ve popular, standard linear AEC algorithms under the presence of arti¿cially generated but
realistic nonlinear distortions. Contrary to the ¿ndings of [8] our
work shows that advanced AEC algorithms such as the Af¿ne Projection Algorithm (APA) do indeed outperform the more conventional approaches in linear environments but attain only comparable performance in highly nonlinear environments. We also show
that in the presence of nonlinearities block processing algorithms
are more affected. In addition we present new experimental work
which assesses the performance of each algorithm under varying
degrees of nonlinear distortion and highlight conditions where the
more conventional algorithms might nonetheless be of bene¿t. The
work should be of particular relevance to further work in nonlinear
AEC in guiding the choice of linear ¿lter used with post¿lters and
the adaptation of the linear component of Volterra ¿lters.
The remainder of the paper is organised as follows. A general
system/echo model is introduced in Section 2 before the ¿ve standard linear AEC algorithms are brieÀy described. In Section 3 we
introduce the nonlinear model which was used to synthesize nonlinear distortions for our experimental work which is presented in
Section 4. Finally our conclusions are presented in Section 5.
2. ACOUSTIC ECHO CANCELLATION
In this section we introduce a typical system/echo model and a general framework for AEC with adaptive ¿ltering. Also described are
the ¿ve approaches to AEC that are investigated in this paper.
2.1. System/echo model
A general system/echo model, which was used for all experiments
reported in this paper, is illustrated in Figure 1. The terminal receives
a downlink (or loudspeaker) signal, 𝑥(𝑛), from a far-end speaker,
and transmits an uplink (or microphone) signal 𝑦(𝑛). In addition to
near-end speech 𝑠(𝑛) and noise 𝑛(𝑛) the uplink signal potentially
includes an additional echo component 𝑑(𝑛), a result of the acoustical coupling between the loudspeaker and the microphone.
The acoustical coupling is generally modelled with a linear convolution, 𝑑(𝑛) = 𝑥(𝑛) ∗ ℎ𝑜𝑝𝑡 (𝑛), where ℎ𝑜𝑝𝑡 (𝑛) is the impulse response which characterises the acoustical coupling. AEC may thus
be implemented by estimating ℎ𝑜𝑝𝑡 (𝑛) with a ¿lter ℎ(𝑛) in order to
ˆ
estimate the coupled echo signal 𝑑(𝑛)
= 𝑥(𝑛) ∗ ℎ(𝑛). The echo is
ˆ
attenuated simply by subtracting 𝑑(𝑛)
from the uplink signal. Since
the acoustical coupling is time varying ℎ(𝑛) is usually an adaptive
¿lter. Near-end speech disturbs the adaptive ¿lter and so ℎ(𝑛) is
usually updated in echo-only periods, i.e. 𝑠(𝑛) = 0. In this work it
is also supposed that the background noise is negligable, i.e. where
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Fig. 1. System/echo model illustrating the acoustical coupling between the loudspeaker and microphone and a general approach to
adaptive AEC.
𝑛(𝑛) = 0. Under such conditions 𝑦(𝑛) = 𝑑(𝑛) and thus the resulting error signal, 𝑒(𝑛) is the difference between the echo signal
ˆ
and its estimate, i.e. 𝑒(𝑛) = 𝑑(𝑛) − 𝑑(𝑛).
The error 𝑒(𝑛) is used to
update the ¿lter ℎ(𝑛) whose goal is to drive 𝑒(𝑛) to zero.
Since the linear ¿lter can thus inÀuence nonlinear ¿ltering performance, it is of interest to study the robustness of the linear ¿lter to nonlinearities. This is even more important to post¿ltering
approaches, given the inherent dependency between a conventional
linear adaptive ¿lter, used to attenuate the linear echo, and the post¿lter, which is used to attenuate residual (nonlinear) echo. In this
paper we present some new experimental work which assesses the
performance of ¿ve different, standard algorithms, each of which is
described below.
2.2. Linear adaptive ¿lter algorithms
The adaptive ¿lters considered in this paper are updated according
to a general adaptation recursion given by:
h(𝑛 + 1) = h(𝑛) + Δh(𝑛),

(1)

where h(𝑛) is the vector of ¿lter taps at time 𝑛, and where Δh(𝑛) is
the gradient used to update the ¿lter. It is different for each algorithm
and should ensure that h converges to h𝑜𝑝𝑡 after suf¿cient iterations.
In the following we identify the ¿ve commonly used adaptive AEC
¿lters that are investigated in this paper. Only the barest of details
are given as full details can be found in the open literature [9].
Least Mean Square (LMS): The LMS ¿lter update Δh(𝑛) is equal
to 𝜇x(𝑛)𝑒(𝑛), where 𝜇 is a scalar or step size which aims to control
the rate of adaptation (and hence convergence/divergence), x(n) =
[𝑥(𝑛), 𝑥(𝑛 − 1), ..., 𝑥(𝑛 − 𝐿 + 1)]𝑇 is the input vector of the ¿lter
and 𝐿 is the ¿lter length (256 for all algorithms used here).

It is the objective of this paper to report the ¿rst thorough assessment of standard linear AEC robustness to nonlinearities. Since this
requires comparisons of performance both with and without nonlinearities under otherwise identical conditions it is necessary that
nonlinear distortions be generated arti¿cially. It is these aspects of
the test setup which are described here. All other aspects of the test
setup are described in Section 4.
In general nonlinearities are introduced by the uplink and downlink ampli¿ers, by the loudspeaker, the microphone, resonance from
the mobile terminal housing and the acoustic echo path. However,
since the loudspeaker signal is usually of high level, especially in
handsfree mode, it is commonly assumed that nonlinearities from
the downlink ampli¿er and loudspeaker dominate and that, consequently, all other sources are negligible [3, 10]. Under this assumption the acoustic path may then be considered as linear.
As in [3, 5] both downlink nonlinearities may be adequately
modelled using a Volterra model [3]. As in the work of [10] the full
Volterra model of ampli¿er and loudspeaker nonlinearities may be
approximated by a cascade of memoryless saturation characteristics.
We take into account only the second and third order nonlinearities
as they are generally assumed to be the most dominant components
[2, 3]. As in [7, 8] for all experimental work reported here nonlinearities are generated according to:
𝑥𝑛𝑙 (𝑛) = 𝑥(𝑛) + 𝛼𝑥2 (𝑛) + 𝛽𝑥3 (𝑛),

(2)

where 𝑥𝑛𝑙 (𝑛) is the nonlinear output of the loudspeaker. 𝛼 and 𝛽 are
the respectively second and third order weighting components and
lie in the range of (𝛼, 𝛽) = [0, 1]. It is worth mentionning that the
couple (𝛼, 𝛽) = (0, 0) corresponds to the linear case. This range of
parameters was deemed to be representative of realistic nonlinearities measured through laboratory tests of several popular, current
mobile phones. It also agrees with those in the general literature,
e.g. [11]. The loudspeaker signal 𝑥𝑛𝑙 (𝑛) is then convolved with an
impulse response ℎ𝑜𝑝𝑡 (𝑛) to simulate the linear echo path between
the loudspeaker and the microphone.
4. EXPERIMENTAL WORK

Each algorithm is assessed in terms of Echo Return Loss Enhancement (ERLE), i.e. the reduction in energy (in dB) of 𝑑(𝑛) achieved
by echo reduction. It is also assessed in terms of convergence time
which we de¿ne as the time needed for the ERLE to reach 95% of
Transform Domain-LMS (TDLMS): We use a Discrete Coits maximum.
sine Transform-LMS (DCTLMS), with an update Δh(𝑛) equal
In order to illustrate our experimental setup we describe here
to 𝜇x̄(𝑛)𝑒(𝑛), where x̄(𝑛) = x(𝑛)T. T is the Discrete Cosine
one particular experiment extracted from a larger setup described
Transform (DCT) matrix.
below. A 10 second long speech signal is concatenated 6 times to
produce test signal 𝑥(𝑛) of suf¿cient duration to ensure the conAf¿ne Projection Algorithm (APA): The update Δh(𝑛) is here
given by 𝜇X(𝑛)[X𝑇 (𝑛)X(𝑛)+𝜖𝐼𝑁 ]−1 e(𝑛) where X(𝑛) = [x(𝑛)x(𝑛− vergence of each algorithm. 𝑥(𝑛) is used to synthesize downlink
ampli¿er and loudspeaker nonlinearities according to Equation 2.
1)...x(𝑛 − 𝑁 + 1)], an 𝐿 × 𝑁 matrix. 𝐿 is the length of the ¿lter,
Since we assume a linear echo path the nonlinear signals 𝑥𝑛𝑙 (𝑛) are
𝑁 is the order of the APA, 𝐼𝑁 is the identity matrix and e(𝑛) is now
subsequently convolved with a 256-tap ¿lter ℎ𝑜𝑝𝑡 , to simulate the
a vector. In this paper we use only 𝑁 = 2 (APA2) (higher order
APA ¿lters were investigated with similar results to those presented
microphone signal 𝑑(𝑛). Each of the ¿ve AEC algorithms are then
applied to 𝑑(𝑛) according to the general scheme of Figure 1, using
in this article).
Normalized-LMS (NLMS): The NLMS algorithm uses a normal𝜇
ized step size 𝜇. Here the update Δh(𝑛) is equal to ∥x(𝑛)∥
2 x(𝑛)𝑒(𝑛).
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Fig. 3. Convergence time decreasing in presence of nonlinearities
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Fig. 2. ERLE test results to compare the performance in linear and
nonlinear environments.
𝑥(𝑛) as the reference signal. The typical set-up described here is
extracted from a larger test setup, using different impulse responses
ℎ𝑜𝑝𝑡 (measured experimentally using a mobile terminal in an of¿ce
room) and different input signals (4 speakers, 2 languages). The
larger test set-up leads to identical conclusions as presented below.
The behavior of all algorithms is dependent on the step size
𝜇. We have chosen suitable values of 𝜇 for each algorithm based
on thorough empirical optimization in order to achieve maximum
ERLE after convergence, leading to 𝜇 = 1 for APA and NLMS,
𝜇 = 0.5 for FBLMS and 𝜇 = 0.15 for LMS. Additional experiments (not reported here) show that for different values of 𝜇, the
inÀuence of nonlinear distortion is similar to the effects described
here. We have also checked that the inÀuence of 𝜇 on the performance of the AEC is similar in linear and nonlinear environments.
4.1. Echo Return Loss Enhancement (ERLE)
Figures 2(a) and 2(b) show the difference between the ERLE (vertical axis) in a linear environment (𝛼, 𝛽) = (0, 0) and in a nonlinear
environment (𝛼, 𝛽) ∕= (0, 0) after convergence for each of the ¿ve
different algorithms. We de¿ne the ERLE value after convergence as
the mean of the ERLE on the 6𝑡ℎ period of our test sequence. Figure 2(a) (resp. Figure 2(b)) illustrates the inÀuence on the ERLE for
different values of 𝛼 (horizontal axis) when 𝛽 = 0 (resp. 𝛽 when
𝛼 = 0). Results where both 𝛽 ∕= 0 and 𝛼 ∕= 0 are similar to pro¿les
depicted in these two ¿gures, An idea of performance for such test
cases can be accordingly extrapolated from these two curves.
The general trend of these curves shows that the difference
in ERLE of all the algorithms increases when the nonlinearity increases. Also evident is the greater inÀuence of the second order
weighting factor 𝛼 than the third order factor 𝛽. This can be explained easily considering the model of Equation 2: for a given
normalized 𝑥(𝑛) (∥𝑥(𝑛)∥ ≤ 1), 𝑥2 (𝑛) > 𝑥3 (𝑛) so that the second
order 𝛼 has a stronger inÀuence than the third order 𝛽.
Generally, for small values of 𝛼 and 𝛽 the ERLE difference is

315

close to zero, indicating a low degradation in echo cancellation performance due to small nonlinearities. For the LMS, when 𝛼 ≤ 10−3
and 𝛽 ≤ 10−2 and for NLMS and TDLMS when 𝛼 ≤ 10−4 and
𝛽 ≤ 10−3 , the ERLE is almost unaffected by the nonlinearities.
This is shown by the Àatness of the curves in these ranges. The most
affected echo cancellers are the APA and FBLMS, where the difference in ERLE decreases even for small values of 𝛼 and 𝛽.
To better illustrate the behavior of the ERLE over time, Figure 2
(c) gives the ERLE for the APA2, NLMS and FBLMS for different
values of 𝛽 (𝛼 = 0). Similar curves are obtained by considering
different values of 𝛼. TDLMS gives almost identical behavior to the
NLMS and so its pro¿le is not presented. These curves show clearly
how nonlinearities reduce the maximum ERLE reached by each algorithm. As already mentioned the FBLMS is the most affected and
its ERLE is lower than that of NLMS when 𝛽 > 10−3 . Even if the
APA ¿lter is disturbed signi¿cantly by nonlinearities, it still reaches
a better ERLE than other algorithms after convergence. From these
experiments, a ¿rst conclusion is that the faster an algorithm converges the more it is affected by nonlinearities. The APA, for instance, is known to convergence quickly compared to the NLMS but
its performance drastically decreases when nonlinearities increase.
FBLMS, however, is severely affected even though it does not
converge quickly in linear environments. This behavior is explained
by the block-by-block processing nature of FBLMS. According to
Equation 2, small input signals 𝑥(𝑛) lead to small nonlinearities. As
a result, even for high values of 𝛼 and 𝛽, a sample-based algorithm
will be, for certain periods of low 𝑥(𝑛), equivalent to a linear environment and thus, during such periods, it will be relatively less disturbed by nonlinearities. Considering block-based processing such
as FBLMS, a whole frame of low level 𝑥(𝑛) is needed to have the
same effect. As a result, block-based algorithms are more disturbed
by the same level of nonlinear distortion.
4.2. Convergence Time
Figures 3(a) and 3(b) show the inÀuence of the nonlinear weighting factor on the convergence time. These results clearly show that
in nonlinear environments all the algorithms converge faster than in
linear environments. Such unexpected results are explained by the
fact that the algorithms converge in practice to a lower ERLE level;
this ERLE level is in fact reached faster simply because it is lower.
Looking, for instance, at the pro¿le for LMS, its convergence time
decreases from 45s to less that 5s for 𝛼 varying between 0 and 1, but
at the same time the ERLE achieved by LMS collapses by 30 dB. It
is nevertheless an important result that echo cancellers operating in
nonlinear environments provide less echo reduction but their maximum level of echo reduction is reached relatively quickly. Accord-
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collapses even for relatively small nonlinearities. We also show that,
in presence of nonlinearities, the linear component of the echo is not
well estimated by conventional approaches to AEC. This leads us to
question the common application of linear AEC to cancel the linear
component in nonlinear environments.
Thus the experimental results reported here show that performance varies greatly across the different algorithms investigated.
The study highlights the need for further work to con¿rm these results on a wider array of AEC approaches to con¿rm the interpretation proposed in this article, i.e. the low robustness of fast converging
algorithms and block-based processing facing nonlinearities. More
generally, assessing the performance of linear AEC is an important
step to provide effective nonlinear AEC systems. Such an investigation has, perhaps surprisingly, not been published previously and
thus this article sheds new light on the robustness of linear echo cancellers to nonlinear distortion.
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5. CONCLUSIONS
This paper reports an assessment of linear AEC performance in
nonlinear environments modelled by a Volterra approximation. We
compare the performance of ¿ve common standard algorithms. Experimental results show that APA achieves similar performance to
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