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Abstract
Due to the limitations of power amplifiers or loudspeakers, the
echo signals captured in the microphones are not in a linear re-
lationship with the far-end signals even when the echo path is
perfectly linear. The nonlinear components of the echo can-
not be successfully removed by a linear acoustic echo canceller.
Residual echo suppression (RES) is a technique to suppress
the remained echo after acoustic echo suppression (AES). Con-
ventional approaches compute RES gain using Wiener filter or
spectral subtraction method based on the estimated statistics on
related signals. In this paper, we propose a deep neural network
(DNN)-based RES gain estimation based on both the far-end
and the AES output signals in all frequency bins. A DNN ar-
chitecture, which is suitable to model a complicated nonlinear
mapping between high-dimensional vectors, is employed as a
regression function from these signals to the optimal RES gain.
The proposed method can suppress the residual components
without any explicit double-talk detectors. The experimental
results show that our proposed approach outperforms a con-
ventional method in terms of the echo return loss enhancement
(ERLE) for single-talk periods and the perceptual evaluation of
speech quality (PESQ) score for double-talk periods.

Index Terms: acoustic echo suppression, residual echo sup-
pression, nonlinear echo, deep neural networks, optimal gain
regression

1. Introduction
Acoustic echo cancellation (AEC) or suppression (AES) is a
technique to reduce the echo originated from acoustic coupling
between loudspeakers and microphones [1, 2, 3, 4]. Although
there have been many techniques which are prove to suppress
the echo successfully, there still exists some amount of residual
echo at the outputs of these methods. One of the reasons for
which the AEC or AES suffer is that the echo signal is not a
linear function of the far-end digital signal even when the echo
path is perfectly linear. The power amplifiers and loudspeak-
ers, especially cheap and small ones, can be the sources of this
nonlinearity.

To overcome this problem, several residual echo suppres-
sion (RES) filters have been applied to the output of the AEC or
AES to suppress remaining echo [5, 6, 7, 8]. The authors in [5]
and [6] proposed RES methods to estimate the signal-to-echo
ratio (SER) and then apply Wiener filters or spectral subtraction
in the frequency domain. In [7], subband filtering based on the
spectral subtraction was combined with a truncated Taylor se-
ries expansion of acoustic echo path for the estimation of power
spectral density of the echo. In [8], a RES algorithm using a
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Figure 1: Schematic diagram of AES system with nonlinear RES
post-filter.

magnitude regression model of residual echo based on model-
ing inter-frequency dependencies of far-end and the echo sig-
nals was proposed. Recently, a RES in which the residual echo
was estimated from the far-end signal using an artificial neural
network (ANN) was proposed [9]. The inputs of the ANN were
the far-end signal in the given frequency bin, the power of the
signal and the sum of the frequency components that can bring
about harmonic distortion, and the final spectral gain was the
Wiener filtering gain. However, these methods did not consider
the nonlinear characteristic between residual echo and far-end
signals in the all frequency bins.

In this paper, we proposed a residual echo suppression us-
ing deep neural networks (DNNs) which estimate the optimal
RES gain based on both the far-end and the output signals of
AES in all frequency bins. DNN structures can learn the com-
plicated mapping among high-dimensional vectors and have
been already successfully applied to automatic speech recog-
nition and speech enhancement area [10, 11, 12, 13]. We ex-
pect that these architectures can accommodate to model a non-
linear regression function from these signals to optimal RES
gain based on DNN training using multi-condition data even
though the room impulse responses (RIRs) used in the train-
ing do not match the RIRs for the test. We evaluate overall
performance using two objective measures in matched and mis-
matched conditions for various RIRs, SER, clipping type, and
level of nonlinearity in loudspeaker. These metrics are echo re-
turn loss enhancement (ERLE) for single-talk periods and the
ITU-T Recommendation P. 862 perceptual evaluation of speech
quality (PESQ) [14] for double-talk periods. Experimental re-
sults showed that the proposed method demonstrated improved
speech quality and echo suppression compared with a conven-
tional algorithm with ANN-based residual echo estimation and
Wiener filtering gain function [9].
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2. Acoustic echo suppression system with
nonlinear RES filter

Acoustic echo suppression (AES) [1, 2, 3, 4] provides an attrac-
tive alternative to acoustic echo cancellation (AEC) techniques
for telecommunication in low-complexity systems to suppress
the acoustic echo. A single-channel AES system is depicted in
Figure 1. The far-end signal x(t) at time index t is generated
by the source signal through the acoustic impulse response in
the transmission room. Let y(t) be the input signal including
near-end speech s(t) in the receiving room and Y (n, k) is the
short-time Fourier Transform (STFT) coefficient of y(t) for k-
th frequency bin at the n-th frame. The spectral gain function
to suppress the echo, G(n, k), is obtained from the Wiener fil-
tering or spectral subtraction in each frequency bin. However,
due to limitations of linear echo modeling, the echo compo-
nent may still remain in the output of AES including a con-
siderable amount of nonlinear echo degrading the quality of the
near-end speech. To improve the output of AES, additional non-
linear residual echo suppression (RES) filter can be applied to
the remaining signal. Using the residual echo suppression gain
Gres(n, k), the final estimated speech in the frequency domain,

Ŝ(n, k) is given by,

Ŝ(n, k) = {G(n, k) ·Gres(n, k)}Y (n, k). (1)

When the power amplifiers and loudspeakers introduce severe

nonlinearity, it is very important to calculate Ĝres(n, k) accu-
rately in accordance with the nonlinearity of residual echo.

3. Residual echo suppression using deep
neural networks

Various RES methods have been developed to suppress resid-
ual echo effectively [5, 6, 7, 8, 9]. However, these may not
describe the exact nonlinear property of the residual echo sig-
nal due to the difficulty of constructing highly complex func-
tions. Recently, in speech recognition and enhancement areas,
deep neural network (DNN) structures have been employed as
a powerful tool to find the complicated mapping or functions
and shown better performance than other conventional methods
[10, 11]. The main reason may be a breakthrough in DNN by
using the stacked restricted Boltzmann machines (RBMs) ac-
companied with greedy layer-wise unsupervised learning to ini-
tialize the DNN parameters. After the unsupervised pre-training
stage, a supervised learning algorithm is carried out to fine-tune
the weights of the DNN using back propagation and stochastic
gradient descent method. The detailed procedures about pre-
training and fine-tuning processes are described in [12, 13]. In
[9], an artificial neural network (ANN) was utilized to estimate
the residual echo from the far-end signal, but the structure was
not flexible enough because the input feature of the ANN was
constructed by the knowledge of the harmonic distortion and
the final gain function was the Wiener filter gain.

In this paper, we proposed an optimal gain regression based
on DNN for RES. The DNN structure is employed to success-
fully represent a complex nonlinear regression function for opti-
mal gain in the RES process. The gain Gres,opt(n, k) is defined
as follows,

Gres,opt(n, k) = max

{
min

(
1,

|S(n, k)|
|YAES(n, k)|

)
, Gmin

}
,

(2)
where S(n, k) and YAES(n, k) are the STFT coefficients of
clean near-end speech and the AES output signal and Gmin =
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Figure 2: A DNN structure for the proposed RES.

10−4 is introduced to reduce artifacts. As for the input, the
far-end and the residual echo spectra are used. The relation-
ship between the residual echo and the RES gain may be less
dependent on the acoustic echo path than that between the in-
put microphone signal and the gain. Therefore, the DNN may
be able to identify the nonlinear relationship among the resid-
ual echo, far-end signal and RES gain through multi-condition
training although the DB in the process is made by applying just
a few echo paths. A DNN system for the proposed method is
illustrated in Figure 2. This structure consists of a Gaussian-
Bernoulli RBM and two Bernoulli-Bernoulli RBMs. The nodes
of each hidden layer and the output layer in the DNN are mod-
eled by the sigmoid function. The inputs of the DNN model
are pairs of the residual echo and far-end signal represented
by the magnitude spectra in the STFT domain. When taking
N -point STFT, the dimension of the input feature vector con-
sidering T consecutive frames of the residual echo and far-end
signal is (N/2 + 1)× 2× T , while the output of the DNN is a
(N/2+1)-dimensional RES gain vector. These are normalized
to have zero mean and unit variance. The phase of the estimated
speech are kept the same as that of the AES output because the
phase information is not crucial for human auditory system.

In the DNN training, we firstly try to learn a deep gener-
ative model for spectra of the residual echo and far-end sig-
nal as a pre-training stage. The RBMs can be trained layer-
by-layer in an unsupervised greedy fashion using contrastive
divergence (CD). The parameters of each RBM are updated
in this process. Afterwards, in the fine-tuning stage, back-
propagation algorithm with the minimum mean squared error
(MMSE) function between the estimated RES gain and the op-
timal gain, is employed to train to the DNN. The optimal gain
for RES, Gres,opt(n, k), can be computed using the AES output
and near-end speech signals through equation (2). A stochastic
gradient descent algorithm is performed in mini-batches to im-
prove learning convergence as follows,

MMSE =
1

M

M∑
m=1

K∑
k=1

(Gres,opt(m, k)−Ĝres(m, k))2 (3)

where M and K is the mini-batch size and the total number
of frequency bins, respectively. Then, the estimates of weights
and bias can be updated iteratively. Some of the conventional
methods were based on the independence assumption among
each frequency bins or dependency of only a few of adjacent
bins [5, 6, 7]. In contrast, the proposed work can take account
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of nonlinear mapping between the optimal RES gain and fea-
tures extracted from the output of AES and the far-end signal
in a whole frequency range. In addition, the proposed method
does not require any double-talk detectors as the training DB
includes both near-end speech and echo signal. Thus, we be-
lieve that the proposed method can improve the echo estimation
compared with other conventional methods.

4. Experimental results
To assess the performance of the proposed DNN-based RES, we
conducted several simulations under various conditions. From
the TIMIT database, we created 450 files (4036 s) of micro-
phone signals for each room impulse response (RIR) from a
location of a loudspeaker to the microphone illustrated in Fig-
ure 3 to construct residual echo DB. These files were sampled at
16 kHz. To simulate the echo signal captured by the microphone
after passing through a power amp, a loudspeaker and acous-
tic transmission in order, we subsequently performed three pro-
cesses on the far-end signals: clipping, applying the simulation
model of a nonlinear loudspeaker, and convolution with RIRs.
Artificial clipping [15] is made by

xhard(n) =

⎧⎪⎨
⎪⎩
−xmax, x(n) < −xmax

x(n), |x(n)| ≤ xmax

xmax, x(n) > xmax

(4)

or

xsoft(n) =
xmaxx(n)

ρ
√|xmax|ρ + |x(n)|ρ (5)

where xhard and xsoft are the outputs of hard and soft clipping,
respectively, and xmax is the maximum value of the output sig-
nal. For soft clipping, the value of ρ was set to 2. To mimic the
nonlinear loudspeaker characteristic, the memoryless sigmoidal
function [16] was applied as follows:

xNL(n) = γ
( 2

1 + exp (−a · b(n)) − 1
)

(6)

where

b(n) = 1.5× x(n)− 0.3× x(n)2. (7)

The parameter γ is the sigmoid gain which was set to γ = 4.
The sigmoid slope value a was chosen as a = 4 if b(n) > 0
and a = 1/2 otherwise. A receiving room was designed as a
small office room with dimensions 4m × 4m × 3m. By us-
ing image method [17], the RIRs from 7 loudspeaker locations
to the microphone in the receiving room depicted in Figure 3
were generated with reverberation time T60 = 200ms. The
length of the RIRs was set to 512. The echo level measured at
the microphone was on average 3.5 dB lower than that of the
near-end speech. For performance evaluation, echo return loss
enhancement (ERLE) and perceptual evaluation of speech qual-
ity (PESQ) [14] were used as objective measures. The ERLE
measure is defined by

ERLE(t) = 10 log10

[
E[y2(t)]

E[ŝ2(t)]

]
(dB). (8)

First, we applied the conventional acoustic echo suppres-
sion (AES) technique [4] on the whole data set. The AES in [4]
was slightly modified so that it becomes a single channel AES
by eliminating the second-channel echo estimation. The param-
eters for the AES were set to the values shown in [4]. Although
the AES proposed in [4] was shown to reduce the linear echo
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[1 1 1.25]

Spk2 
[2 1 0.75]

Spk3 
[3 1 1]

Spk4 
[3 2.5 1]

[3.5 2.5 1.2]
Spk5 
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[2.5 3.5 0.9]

Spk7
[1.5 3 1.5]

Figure 3: Locations of one microphone and 7 loudspeakers in a
simulated receiving room of 4m× 4m× 3m for constructing
echo DB.

effectively, the average ERLE for the tested data was approxi-
mately 9 dB due to the severe nonlinear distortion.

To compare the proposed method with a conventional RES
technique, we implemented the ANN-based RES using spectral
features [9]. The uniform 128-point STFT analysis-synthesis
filter bank was used with 75% overlap. The offline estimator
for the RES is a network with two log-sigmoid hidden nodes.
The magnitude spectra of far-end signal and the average over
all subbands up to the half of the current band were used as
the inputs. The training was performed on 30 files (267 s) of
the residual echo applying RIRs from the locations of Spk1,
Spk2, and Spk3 to that of the Mic in Figure 3. The parameters
were set as follows: λ = 0.95 and μ = 5.0. For double-talk
detection, we applied the manually marked information on this
method. We have also tried training larger DB or taking 256-
point STFT, but neither of them could bring about performance
improvement.

For the training of the proposed technique, the total 1200
files (10774 s) established in the locations of Spk1, Spk2, and
Spk3 were used to train a DNN. The frame length was set to 256
samples with 50 % overlap. A 256-point STFT was applied to
each frame. Each hidden and the output layer had 2048 and 129
nodes, respectively. The final input vector consisted of the cur-
rent frame and the previous two frames and therefore becomes
a 774-dimensional vector. The number of epoch for each layer
of RBM pre-training was 20. Learning rate of the pre-training
was 0.0005. In the fine-tuning, learning rate was set to 0.1 for
the first 10 epochs, then decreased by 10 % after each epoch.
Total iteration number was 50 and the mini-batch size M was
set to 256. For the tests at each location, we used two sets of
50 files (445s) for the single-talk and double-talk tests, respec-
tively. The near-end speech was also chosen from the TIMIT
database.

In Table 1, the overall results of the ERLEs for single-talk
periods and PESQ scores for double-talk periods are shown,
where the test data are obtained in all 7 positions of the loud-
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Table 1: ERLE and PESQ Score obtained in the matched and
mismatched conditions for various RIRs.

RES type None ANN[9]
Proposed
(DNN)

ERLE

Matched
Spk1 9.12 21.65 38.07
Spk2 9.80 22.68 38.05
Spk3 9.09 21.73 36.52

Mismatched

Spk4 9.65 20.68 27.98
Spk5 8.75 23.09 30.82
Spk6 10.00 21.69 26.37
Spk7 9.83 21.87 23.96

PESQ

Matched
Spk1 2.62 2.71 3.01
Spk2 2.68 2.72 3.05
Spk3 2.69 2.74 3.05

Mismatched

Spk4 2.68 2.75 3.01
Spk5 2.61 2.67 2.93
Spk6 2.71 2.74 3.00
Spk7 2.73 2.77 3.00

Table 2: ERLE and PESQ Score in the mismatched conditions
for effects of other factors at the location of Spk4.

RES type None ANN [9]
Proposed
(DNN)

ERLE

SER 0 dB 9.65 21.87 26.24
HC (70 %) 9.64 21.80 26.20
SC (80 %) 9.59 21.47 26.71
SC (70 %) 9.56 21.56 26.33

PESQ

SER 0 dB 2.46 2.54 2.77
HC (70 %) 2.66 2.74 2.99
SC (80 %) 2.58 2.66 2.90
SC (70 %) 2.55 2.63 2.88

speaker by using hard clipping at the 80 % of the maximum vol-
ume of the input signal. From the whole results, the proposed
method based on DNN showed better performance than the con-
ventional RES in both the matched and mismatched conditions.
Especially, it could be seen that the proposed RES preserved the
near-end speech much better as seen from the comparison of the
PESQ scores. These results were obtained by training with only
a few of the RIR cases, which may support our assumption that
the mapping from the far-end signal and the residual echo to the
RES gain is not substantially affected by the acoustic environ-
ment.

To investigate the effects of other factors such as signal-to-
echo ratio, clipping types and amount of nonlinearity of loud-
speakers on the RES algorithms, we additionally tested several
cases corresponding to other mismatched conditions at the lo-
cation of Spk4. For this test, we applied the same models used
in the previous test, which were trained with DB at Spk1, Spk2,
and Spk3 positions with 80% hard clipping on each method.
The performance of the proposed RES was compared to that of
the conventional RES in Table 2. Signal-to-echo ratio (SER)
0 dB means that the near-end speech to echo ratio level was on
average 0 dB. HC (l%) and SC (l%) indicate the hard and soft
clipping with l% of the maximum amplitude of the input sig-
nal, respectively. Comparing the output of our method to unpro-
cessed signal, at least 0.3 point improvement of the PESQ score
was found. In all 4 cases, the proposed method outperformed
the conventional RES and was not affected by the various mis-
matched factors.

An example of ERLE variation over time is given in con-
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ER
LE

 (d
B

)

10

15

20

25

30

35
ANN [9]
Proposed

Figure 4: Comparison of ERLE at the location of Spk4 in a
single-talk situation.

junction with the corresponding unprocessed echo waveform in
Figure 4. The proposed algorithm attenuated the residual echo
components more efficiently than the conventional RES.

5. Conclusions
In this paper, we have proposed an optimal gain regression em-
ploying DNN for nonlinear residual echo suppression in the
STFT domain. It is shown that the DNN-based regression can
represent complex mapping among the optimal gain, residual
echo, and far-end signal in the whole frequency bins. More-
over, the proposed method can suppress the residual compo-
nents without any explicit double-talk detectors. The proposed
RES outperformed the conventional one in terms of ERLE for
single-talk situations and PESQ score for double-talk situations.
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