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ABSTRACT
We present a novel nonlinear echo cancellation method
that assumes the Hammerstein nonlinear system model.
Model parameters are identiﬁed using a neural network followed by an adaptive linear ﬁlter. The parameters of both
subsystems are estimated separately, which allows the utilization of computationally efﬁcient conventional methods.
The proposed method is veriﬁed on simulated as well as
on real-world signals. In comparison to power-ﬁlter echo
cancelers, the method achieves signiﬁcantly higher echo suppression provided that the excitation signal is white noise, and
it yields comparable performance when the signal is speech.
Index Terms— Nonlinear echo cancelation, power ﬁlter,
neural network, least mean squares algorithm.
1. INTRODUCTION
The echo is a detrimental phenomenon arising in the context
of duplex communication, e.g., during phone calls. Here,
speech originating from the far-end is played by a loudspeaker. Then it is convolved with the impulse response of
the acoustic environment and is received by a microphone.
The convolved signal is the acoustic echo, which is transmitted back to the far-end speaker, along with the near-end
speech [1].
There are many studies where the echo path is modeled
as time-(in)variant and linear. Then, only the acoustic path is
taken into account, assuming a linear recording microphone.
However, electronic circuits within the emitting device may
introduce an additional nonlinear distortion to the far-end signal. For example, cell phones often contain low-cost components and loudspeakers with nonlinear characteristics.
Such distortions are modeled as nonlinear systems either
with memory or memoryless. A memoryless system is described as a nonlinear function applied sample-wise to the
input signal. Systems with memory are often described as
Volterra ﬁlters [2], whose identiﬁcation is computationally
demanding [3]. A simpliﬁed model for nonlinearities with
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memory represents the Hammerstein model [4], which is a
memoryless nonlinearity followed by a linear system. Alternative approaches to model nonlinear systems are neural
networks [5].
Methods for the nonlinear echo removal are called Nonlinear Acoustic Echo Cancelers (NAEC). They attempt to
identify the parameters of the models described above, assuming that the far-end signal is available as a reference.
An adaptive technique based on Volterra ﬁlters was proposed in [6]. Considering only diagonal elements in Volterra
kernels, linear-in-parameters power ﬁlters [7] are obtained.
Adaptive identiﬁcation procedure for Hammerstein models
was proposed in [8], where it is assumed that the output of the
loudspeaker is observable, which rarely happens in practice.
Authors of [9,10] alleviate this need by optimizing the parameters of both Hammerstein subsystems simultaneously; using
a single neural network. Another network topology called
Functional Link Adaptive Filters was published in [11].
In this paper, we propose a method that assumes the Hammerstein model and identiﬁes it using a cascade of a neural network followed by an adaptive linear ﬁlter. Compared
to [8], the reference output of the loudspeaker is not required.
Instead, an artiﬁcial reference signal is used to train the neural network, i.e., separate identiﬁcation of the linear and the
nonlinear subsystem is performed, unlike to works [9, 10].
To identify the linear subsystem of the Hammerstein model,
three adaptive algorithms are tested: Normalized Least Mean
Squares (NLMS [12]), Recursive Least Squares (RLS [12]),
and the Afﬁne Projection Algorithm (APA [13]). The utilization of conventional optimization methods enables fast adaptive ﬁlter implementations or updates of only one subsystem
in the cascade at a time. We verify the functionality of the
proposed method on simulated and on real-world signals.
2. PROPOSED ALGORITHM
2.1. Problem formulation
The echo cancellation scenario is illustrated in Fig. 1. The
signal on the microphone d(n) consists of the echo y(n), the
background noise v(n) and the near-end signal z(n). The
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where
p̂(n − 1) = [p̂n−1 (0), p̂n−1 (1), . . . , p̂n−1 (2L − 1)]T , (2)
d(n) = [d(n), d(n − 1), . . . , d(n − 2L + 1)]T .

(3)

Here, p̂n−1 of length 2L stands for the approximate inverse
in the least square sense given by
ﬁlter of ĥn−1
1
p̂(n − 1) = [H1 (n − 1)T H1 (n − 1)]−1 H1 (n − 1)T b (4)
Fig. 1. Nonlinear echo creation (and cancellation) along with
the Hammerstein model describing the process

Fig. 2. Proposed Nonlinear Acoustic Echo Canceler

where H(n − 1) is the 2L × 2L Toeplitz matrix whose ﬁrst
column and row are, respectively, [ĥn−1
(0), . . . , ĥn−1
(L −
1
1
n−1
T
1), 0, . . . , 0] and [ĥ1 (0), 0, . . . , 0]. The column vector b
of length 2L is given by [1, 0, . . . , 0]T .
Step 2: The neural network weights are updated using the
backpropagation algorithm [16] with gradient descent. The
goal is to minimize the energy of the error signal deﬁned as
eg (n) = âb (n) − ĝ n−1 (x(n)) = âb (n) − ân−1
(n),
f

echo y(n) is a distorted version of reference signal x(n).
First, x(n) is distorted by low-quality electronic components
(modeled by a memoryless system g(·)). Then, the resulting
signal a(n) is convolved with ﬁlter h(n), which represents the
inﬂuence of the acoustic environment. The NAEC block attempts to minimize the contribution of the echo signal y(n) to
the error signal e(n). This is done by subtracting an estimate
of the echo signal ŷ(n) from d(n).
In this paper, we consider the parameter identiﬁcation
only during intervals where the near-end signal is not active,
i.e., when z(n) = 0 and d(n) = v(n)+y(n). The presence of
the near-end speech complicates the identiﬁcation even when
the system is only linear; see, for example, [14] and [15].
2.2. NAEC structure
The structure of the proposed NAEC shown in Fig. 2 assumes
the Hammerstein model. The subsystem represented by ĝ(·)
aims to embrace the nonlinearity in the echo path g(·). It is
realized as a feed-forward neural network with two hidden
layers. Next, the FIR ﬁlter ĥ1 (n) of length L involves the linear part, and, ideally, it corresponds to the estimate of h(n).
The cascade of the subsystems suffers from the scaling ambiguity (multiplication of ĝ(·) by a constant β is canceled by
multiplying the ĥ1 (n) by 1/β). Therefore, ĥ1 (n) is normalized as ĥ1 (n) ← ĥ1 (n)/max|ĥ1 (n)| during each parameter
update in order to cope with this indeterminacy.
Let ĥn1 (k) be the value of the kth tap of the ﬁlter at the
nth time instant. Let ĝ n (·) represent the neural network at
the nth time index. The adaptation proceeds by repeating the
following three steps with each new input sample.
Step 1: The unknown signal a(n) is estimated from the
microphone signal d(n) as the backward estimate âb (n) given
by
âb (n) = p̂T (n − 1)d(n),
(1)

(5)

where ân−1
(n) is the forward estimate of the unobservable
f
signal a(n) computed using neural network parameters at instant n − 1. The update of weights results into new estimate
of the forward signal ânf (n) = ĝ n (x(n)).
Step 3: The parameters of the linear subsystem ĥ1 are updated. We study the applicability of three well-known adaptive algorithms to perform this step: NLMS [12], RLS [12]
and APA [13].
The NLMS method is computationally cheap but exhibits
slow convergence when the input signal is speech [13]. The
RLS algorithm mitigates this disadvantage at the cost of a
higher computational complexity. The APA stands for a compromise between the latter two algorithms. The algorithms
are all based on the minimization of quadratic criteria measured on the error signal
e1 (n) = d(n) − ĥ1 (n − 1)T âf (n),

(6)

where
ĥ1 (n − 1) = [ĥn−1
(0), ĥ1n−1 (1), . . . , ĥ1n−1 (L − 1)]T , (7)
1
âf (n) = [ânf (n), ânf (n − 1), . . . , ânf (n − L + 1)]T .
(8)
2.3. A versatile solution
In cases where the system is, in principle, linear or very close
to being linear (that is, g(x(n)) ≈ x(n)), the proposed NAEC
is outperformed by conventional methods that are designed
for linear AEC. In order to have the NAEC suitable also for
the linear cases, we propose its ﬁnal structure that is shown
in Fig. 3. It consists of parallel connection of the proposed
NAEC and of a conventional linear echo canceler that is based
on the NLMS algorithm.
Let ŷ1 (n) denote the output of the proposed NAEC and
ŷ2 (n) denote the output of the linear AEC. The goal here is

Fig. 3. Parallel version of the proposed algorithm

to select the one result that exhibits lower echo cancellation
error. Hence, the ﬁnal output is ŷ(n) = ŷi (n) where
i = arg min

j∈{1,2}

C


e2j (n − k),

(9)

k=0

where e1 (n) is deﬁned in (6) while e2 (n) is the error of the
linear echo canceler; C is a free integer parameter.
2.4. Implementation details
To achieve an economical computational burden, the parameter updates are performed in a “mini-batch” manner.
Compared to the sample-wise processing, this means that the
changes in parameters are accumulated during short intervals
of length B while the update proceeds only once at the end
of each such interval. Similarly, the inverse ﬁlter p̂(n) is
updated only once per every B samples.
It is worth to point to the fact that, in some situations,
the nonlinearity within the echo path is time-invariant (e.g., a
distortion due to electronic circuits). Then, once the nonlinear
part appears to be identiﬁed, its parameters can be ﬁxed and
the computation of p̂(n) can be omitted.
3. SIMULATIONS
In experiments, the situation corresponding to Fig. 1 is considered, where x(n) is either a Gaussian noise with zero mean
and variance equal to 1/3 or a speech signal whose average
variance is 0.05; the sampling rate is 16 kHz. The close-talk
signal is not active, i.e., z(n) = 0. Three nonlinearities are
considered: (1) g1 (x(n)) = tanh(5·x(n)), which is symmetric, (2) the identity g2 (x(n)) = x(n), and (3) the asymmetric
sigmoid nonlinearity g3 (·) simulating loudspeaker distortion,
which is described in details in paper [11].
The impulse response h(n) of length L = 100 is generated as h(n) = 0.1 · ξ exp(1.1|n − D|0.2 ), where ξ is a
random gaussian variable with zero mean and variance one,
and D = 5 is the index of the main peak of the impulse response. The step-size parameters within NLMS and APA are
μ = 0.03 and the forgetting factor in RLS is λ = 0.9999.
In APA, K = 10, which is the number of past errors that are
taken into account (with K = 1, APA coincides with NLMS).
The neural network consists of two hidden layers where each
one contains 5 neurons. The input as well as the output layer

contains single neuron. The learning rate is 0.05, mini-batch
size B = 50 (Section 2.4) and parameter C = 1000 in (9).
The performance of NLMS/APA is sensitive to the noise
present in d(n). Therefore, a regularization proposed in [19]
is used to alleviate this drawback. We select the regularization
parameter δ = 0.55 (equation (9) in [19]), which is recommended for ﬁlter length L = 100 and SNR 20 dB.
The cancellation performance is assessed through the
Echo Return Loss Enhancement (ERLE), deﬁned as

y(n)2
,
(10)
ERLE = 
[y(n) − ŷ(n)]2
and its average value is computed over 50 trials of the experiment, each one with different x(n) and h(n). The performance of the adaptive algorithms is measured in the steadystate after processing 3s of signals, using a test (i.e., a distinct
from processed) input reference.
The proposed method is compared with (generalized)
power ﬁlter echo cancelers from [20]. We consider their
two variants that differ in their sets of basis functions used
to approximate the nonlinear function g(·). Namely, (1)
Monomial power ﬁlters (MPF) utilize x, x2 , and x3 . (2)
Generalized power ﬁlters (GPF) use the same monomials
together with tanh(x). The optimization of both variants is
based on the multichannel RLS algorithm, which achieves
good performance but is computationally expensive.
Variants of the proposed method are denoted as PM:A
where A refers to the adaptive method to identify the linear
subsystem (e.g. PM:NLMS). Next, PPM:RLS denotes the
parallel implementation proposed in Section 2.3 using RLS
(note that the linear AEC connected in parallel to the proposed
method is always NLMS). We compare PM:NLMS with an
”oracle” version denoted as OPM:NLMS which uses the unknown a(n) to learn the parameters of the neural network.
3.1. Echo cancellation in the noiseless case
Results achieved in the noiseless situation, i.e. when v(n) =
0, with different nonlinearities g(·) are shown in Table 1. With
the exception when g(x(n)) = x(n), the proposed techniques
achieve higher ERLE compared to MPF, GPF, and NLMS.
The oracle method OPM:NLMS outperforms PM:NLMS
only by about 2 − 3 dB, which points to the efﬁciency of the
estimation of a(n) within the proposed methods.
Considering the linear channel g(x(n)) = x(n), the proposed method is signiﬁcantly outperformed by MPF, GPF as
well as by NLMS. The difference in performance is compensated by the parallel variant PPM:RLS that treats the linear
case in its parallel branch.
Using speech input reference, the achieved ERLE is signiﬁcantly lower than when the signal is white noise. There are
two facts that explain this phenomenon. First, speech usually
contains only a small number of samples whose amplitude is
high. Therefore, the identiﬁcation of g(·) is difﬁcult as its

reference signal
[g(x)]
white noise [tanh(5x)]
speech [tanh(5x)]
white noise [x(n)]
speech [g3 (·)]

OPM:
NLMS
32.0
16.8
31.3
11.2

PM:
NLMS
30.4
13.4
29.7
8.3

PM:
APA
30.1
16.4
29.5
11.5

PM:
RLS
30.4
18.2
29.7
11.4

PPM:
RLS
30.4
18.2
105.4
12.5

NLMS

MPF

GPF

6.7
6.8
105.6
4.4

9.9
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9.8
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Table 1. Averaged ERLE [dB] achieved in the noiseless scenario
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Fig. 4. ERLE [dB] achieved in scenario considering nonlinearity g1 (·) and speech reference

values g(x) when |x| is “high” are rarely available. Second,
speech is sparse in the frequency domain, so not all frequencies are sufﬁciently excited. The latter fact is known to cause
slow convergence of the NLMS algorithm [13], which also
conﬁrm the results in in Table 1. All the algorithms utilizing
NLMS achieve lower ERLE compared to the variants based
on RLS or APA.
3.2. Echo cancellation in the noisy case
Results of experiments with additive gaussian noise are presented in Figures 4 and 5 as functions of the signal-to-noise
ratio (SNR) measured in d(n). The proposed method appears to be robust to the presence of the noise until SNR>
10 dB. MPF/GPF are optimal for the scenario g(x(n)) =
x(n), achieving higher ERLE than the proposed method. The
slower convergence (and thus lower ERLE) of NLMS can be
mitigated by selecting higher step size μ (e.g., μ = 0.25 for
NLMS within the parallel branch of PPM:RLS, see in Fig. 5).
However, unsuitably large values of μ can cause problems
with the convergence of the adaptive ﬁlter. The regularization is essential for NLMS/APA algorithms when speech input is considered; see the performance drop of the PM:APA
and δ = 0 in Fig. 5.
4. REAL-WORLD EXPERIMENT
In this experiment, far-end speech was played by a loudspeaker in a room and recorded by a microphone at a dis-
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Fig. 5. ERLE [dB] achieved in scenario considering linear
channel g2 (x(n)) = x(n) and speech reference

PM:NLMS
11.2

PM:APA
12.2

PM:RLS
10.0

NLMS
7.7

GPF
10.9

Table 2. The ERLE [dB] achieved in the real-world scenario

tance of about 15 cm. The reverberation time of the room
is T60 ≈ 490 ms; the length of the recording is 8 s. After
applying the compared methods, using the same settings as
in Section 3, the ERLE quantity was measured directly at
the output of the NAEC during the adaptation process. The
average ERLE is shown in Table 2.
The nonlinear cancelers achieve higher ERLE compared
to NLMS; the PM:APA achieves the best result. The lower
performance of algorithms based on RLS (GPF and PM:RLS)
could be caused by the high value of the forgetting factor λ =
0.9999, which yields stable convergence at the cost of a slow
adaptation.

5. CONCLUSIONS
Compared to robust generalized power ﬁlter cancelers, the
proposed method achieves a higher ERLE on white noise inputs and comparable performance with speech signals. The
proposed technique is robust with respect to noise up to an
SNR level 10 dB, provided that suitable regularization is applied to the adaptive ﬁlter identifying the parameters of the
linear subsystem.
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