A MULTIFRAME PARAMETRIC WIENER FILTER FOR ACOUSTIC ECHO SUPPRESSION
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ABSTRACT
Acoustic echo arises due to the acoustic coupling between the
loudspeaker and the microphone in a full-duplex voice communication device. How to reduce or eliminate echo has been an important problem in voice communications. This paper deals with this
problem in the short-time Fourier transform (STFT) domain. An
approach to acoustic echo suppression (AES) is developed, which
uses a linear ﬁlter in every STFT subband. A non-parametric
variable step-size (NPVSS) normalized-least-mean-square (NLMS)
algorithm is used to estimate the echo signal in every STFT bin and
time frame. We then deﬁne the desired output signal as the sum of
the desired near-end speech and a residual echo component. A parametric Wiener ﬁlter (PWF) is subsequently derived by minimizing
the near-end speech distortion with a constraint on the residual echo.
There are two parameters in this PWF, which can be adjusted to control the compromise between the amount of echo attenuation and the
degree of near-end speech distortion, and the level of the residual
echo remaining at the output. These two parameters can be tuned to
optimize the perceptual quality of the echo-reduced signal. Experimental results demonstrate that the developed PWF can effectively
attenuate the undesired echo and estimate the near-end signal with
little distortion.
Index Terms—Acoustic echo suppression (AES), interframe
correlation, parametric Wiener ﬁlter (PWF), tradeoff ﬁlter, residual echo control.
1. INTRODUCTION
Controlling the adverse effect of acoustic echo, which results from
the acoustic coupling between a loudspeaker and a microphone,
is a well-known problem in acoustic signal processing for a fullduplex hands-free telecommunication systems. In the literature, two
different techniques, namely acoustic echo cancellation (AEC) and
acoustic echo suppression (AES), have been employed to eliminate
or reduce the undesired echoes.
AEC is a linear ﬁltering approach, which assumes that the echo
path of the loudspeaker-enclosure-microphone (LEM) system is linear and can be identiﬁed with an adaptive ﬁlter. The adaptive ﬁlter
yields an estimate of the echo signal, which is then subtracted from
the microphone signal [1]–[3]. Ideally, AEC can eliminate echoes
without introducing any distortion to the desired near-end signal [4].
However, time-varying acoustic paths [5], undermodeling [6], and
nonlinearities in low-cost or miniaturized audio hardware [7] may
hamper good identiﬁcation of the echo path, which limits the performance of AEC. Furthermore, double-talk [2], [3] (simultaneously
active far-end and near-end speakers) is another factor that affects
the AEC performance. In many applications, the amount of echo
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attenuation with AEC may not be sufﬁcient. In this case, a postﬁlter is generally used in conjunction with AEC to further remove
the residual echo [2], [3], [8].
Alternatively, AES can be used to attenuate echo [9]–[17], which
acts similarly to the above-mentioned postﬁlter, but without the AEC
part. Generally, AES achieves echo attenuation using a parametric
spectral modiﬁcation algorithm to the microphone signal in the frequency domain, which is a technique originally developed for noise
reduction [18]. An early study on AES can be found in [9]. Then,
a perceptually motivated approach termed perceptual acoustic echo
suppressor (PAES) was proposed in [11]. This approach estimates
the spectral envelope of the echo signal while taking into account the frequency-selective properties of the human auditory system.
Other methods model the acoustic echo path by means of subband
ﬁlter gains, which lead to an overall delay and coloration of the shorttime spectrum at each frequency of the short-time spectra [12]–[15].
A soft decision method was developed in [16] to compute the AES
ﬁlter gain.
The major advantage of AES over AEC is its robustness to nonlinearity and double-talk [10]. The computational complexity of
AES is generally also lower in comparison of that of AEC. However, AES introduces near-end speech distortion. How to control the
amount of speech distortion is an open problem in AES and motivates this work.
In this paper, we develop an AES approach by considering the
interframe correlation in the short-time Fourier transform (STFT)
domain. The overall scheme is illustrated in Fig. 1. First, both the
loudspeaker and the microphone signals are partitioned into small,
overlapping frames with a typical frame length between 10 and
40 ms. Later on, each windowed frame is transformed into the STFT
domain. Next, the echo component is estimated by modeling the
echo path in each frequency bin and time frame. An FIR ﬁlter is designed in each subband based on the estimated echo and microphone
signals. This FIR ﬁlter is then applied to the microphone signal such
that the echo components are suppressed while maintaining the desired near-end signal. Finally, the echo suppressed signal is reconstructed by transforming the echo-reduced STFT coefﬁcients back
to the time domain with the inverse STFT.
2. SIGNAL MODEL AND PROBLEM FORMULATION
Let us consider the conventional signal model shown in Fig. 1, where
acoustic echoes are generated from the linear coupling between a
loudspeaker and a microphone [6]. Therein, the discrete-time microphone signal at time index n can be written as
d(n) = u(n) + g(n) ∗ x(n) = u(n) + y(n),

(1)

where u(n) is the near-end signal, x(n) is the loudspeaker (or farend) signal, g(n) is the impulse response from the loudspeaker to the
microphone, and y(n) is the echo signal. All signals in (1) are considered to be real-valued, zero mean, and broadband, and we assume
c
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where D(k, m), U (k, m), and Y (k, m) are the STFTs of
d(n), u(n), and y(n), respectively, at the frequency bin k ∈
{0, 1, . . . , K − 1} and the time frame m.
For the purpose of considering interframe signal correlation later
on, we concatenate L consecutive frames of the microphone signal
at the frequency bin k to a vector:
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that u(n) and y(n) are uncorrelated.
Using the STFT, the signal model given in (1) can be expressed
in the time-frequency domain as

d(k, m)

h(k, m) Filter design
by Eq.(17)

d(k, m) = [D(k, m) D(k, m − 1) · · · D(k, m − L + 1)]T
= u(k, m) + y(k, m),
(3)

Fig. 1. Block diagram of echo suppression by applying an FIR ﬁlter
in the STFT domain.

where the superscript T denotes transposition, and u(k, m) and
y(k, m) are deﬁned in an analogous way to d(k, m). Since u(k, m)
and y(k, m) are uncorrelated by assumption, the correlation matrix
(of size L × L) of d(k, m) is



Φd (k, m) = E d(k, m)dH (k, m)

estimated and target signals at the frequency bin k and time frame
m is

= Φu (k, m) + Φy (k, m),



(5)

where the parameter 0 ≤ α ≤ 1 controls how much residual echo
remains in the target signal and i1 = [1 0 · · · 0]T selects only signal
components from frame m.
 (k, m) of the deﬁned target
We aim at obtaining an estimate U
signal in (5) by applying an FIR ﬁlter h(k, m) to the microphone
signal in every subband as illustrated in Fig. 1 [17], [19], i.e.,
 (k, m) = hH (k, m)d(k, m)
U
= Uf (k, m) + Yre (k, m),

(6)

where h(k, m) is a complex-valued ﬁlter of length L,
Uf (k, m) = hH (k, m)u(k, m)

(7)

(9)

Substituting (5) and (6) into (9), we can rewrite the error signal as
E(k, m) = Esd (k, m) + Ere (k, m),

(4)

where E {·} denotes mathematical expectation, the superscript H is
the transpose-conjugation operator, and Φu (k, m) and Φy (k, m)
are the correlation matrices of u(k, m) and y(k, m), respectively.
Generally in echo reduction, the objective is to extract the desired near-end speech component U (k, m) and to attenuate the echo
component Y (k, m). As mentioned in the introduction, traditional AES may introduce musical noise, which is unpleasant to listen.
One way to limit the effect of musical noise is to control the amount
of the residual echo, which can mask the musical noise. To this end,
we deﬁne a target signal as the sum of the desired near-end speech
and a target residual echo component as
H
T (k, m) = iH
1 u(k, m) + αi1 y(k, m),


 (k, m) − T (k, m).
E(k, m) = U

(10)

where


Esd (k, m) = hH (k, m)u(k, m) − iH
1 u(k, m)
= [h(k, m) − i1 ]H u(k, m)

(11)

is the speech distortion due to ﬁltering and


Ere (k, m) = hH (k, m)y(k, m) − αiH
1 y(k, m)
= [h(k, m) − αi1 ]H y(k, m)

(12)

represents the error between the ﬁltered echo and the target residual
echo.
Having deﬁned the error signal, we can now write the subband
mean-squared error (MSE) criterion:



J [h(k, m)] = E |E(k, m)|2
= Jsd [h(k, m)] + Jre [h(k, m)]

(13)




Jsd [h(k, m)] = E |Esd (k, m)|2

2


= E [h(k, m) − i1 ]H u(k, m) ,

(14)




Jre [h(k, m)] = E |Ere (k, m)|2

2


= E [h(k, m) − αi1 ]H y(k, m) .

(15)

where

is a ﬁltered version of the desired near-end subband signal, and
Yre (k, m) = hH (k, m)y(k, m)

(8)

is the residual echo, which is uncorrelated with Uf (k, m).
3. THE PWF FOR ECHO SUPPRESSION
3.1. Derivation of the Parametric Wiener Filter
We consider using the parametric Wiener ﬁlter in our problem with
the newly deﬁned target signal in (5). The error signal between the

Given the above MSEs, we can now derive optimal ﬁlters by
minimizing the MSE of the speech distortion, i.e., Jsd [h(k, m)],
under the constraint that the MSE between the ﬁltered echo and the
target residual echo, i.e., Jre [h(k, m)], is kept below some given
threshold ε ≥ 0. Mathematically, the optimal ﬁlter is expressed as
ho (k, m) = argmin Jsd [h(k, m)]
h(k,m)

subject to Jre [h(k, m)] ≤ ε.

(16)

Solving the above problem using the Lagrange method with a
multiplier μ yields the parametric Wiener ﬁlter:

— : d(n)
(a)

−1

(17)

This parametric Wiener ﬁlter depends only on the second-order
statistics of the subband signals of the desired near-end speech and
the echo.

Amplitude

hPWF (k, m) = [Φu (k, m) + μΦy (k, m)] ×
[Φu (k, m)i1 + μαΦy (k, m)i1 ] .

— : y(n)
— : yre (n)
(b)

— : u(n)
—:
u(n)

3.2. Properties of the Parametric Wiener Filter
The ﬁlter given in (17) can be decomposed into a weighted sum of
two Wiener ﬁlters: one extracts the near-end speech and the other one extracts the echo signal. By deﬁning the modiﬁed correlation matrix of the microphone signal as Φd (k, m) = Φu (k, m) +
μΦy (k, m), we can rewrite (17) as
hPWF (k, m) = Φ−1
d (k, m)Φu (k, m)i1 +
αΦ−1
d (k, m)μΦy (k, m)i1
= (1 − α) hT,μ (k, m) + αi1 .

(18)

where hT,μ (k, m) = Φ−1
d (k, m)Φu (k, m)i1 is a tradeoff Wiener
ﬁlter considering the interframe correlation, which can be derived
similarly as for the multichannel case in [20]. From (18), it is clear
that by introducing the residual echo control parameter α, the obtained ﬁlter can be seen as a weighted sum of a tradeoff Wiener and
the unit ﬁlters.
If α = 0, the parametric Wiener ﬁlter hPWF (k, m) degenerates to the well-known tradeoff Wiener ﬁlter [20], [21], where the
target signal is the desired near-end speech only. The Lagrangian
multiplier μ adjusts the quality of the near-end speech, i.e., it enables control of the level of over- or underestimation. For μ = 1,
by adjusting the value of α from 0 to 1, the parametric Wiener ﬁlter can control the level of the residual echo, which is similar to the
ﬁlter derived in [22], [23] in the context of binaural hearing aids.
For both μ = 1 and α = 0, the parametric Wiener ﬁlter degenerates to the conventional Wiener ﬁlter that considers the correlation
between L consecutive time frames. In this case and if L = 1, the
parametric Wiener ﬁlter degenerates to a simple Wiener gain ﬁlter as
in [9]–[16].
4. EXPERIMENTS
In this section, we study the developed parametric Wiener ﬁlter
through experiments and investigate the impact of the value of the
parameters μ and α in (17) on the echo suppression performance.
4.1. Experimental Setup and Estimation of the Statistics
The far-end and near-end speech signals used in the experiments are
recorded in an anechoic room from male and female talkers separately. They are sampled at 8 kHz and quantized with 16 bits. The
echo signal is generated by convolving the far-end speech with an
impulse response measured in a room with a reverberation time T60
of approximately 380 ms and the distance between the loudspeaker
and microphone is 1.5 m. The microphone signal is then synthesized by superimposing this echo with the near-end signal and white
Gaussian noise is then added to control the SNR to be 30 dB.
The overlap-add technique is employed in the implementation
with a DFT length of K = 256 and 75% overlap between neighboring frames. To overcome the aliasing problem, a Kaiser window is
applied both before the STFT and after the inverse STFT.
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Fig. 2. An example for different signals processed by a conventional
Wiener ﬁlter: (a) microphone signal d(n), (b) echo y(n) and residual
echo yre (n), and (c) near-end signal u(n) and estimated near-end
signal u
(n). μ = 1, α = 0, λ = 0.35, and L = 4.
To implement the parametric Wiener ﬁlter in (17) for echo suppression, the paramount issue is to have a good estimate of the correlation matrices Φu (k, m) and Φy (k, m). In all experiments, an
NPVSS NLMS algorithm is used to estimate the echo component
Y (k, m) in every frequency bin k and time frame m in the STFT
domain [4], [24]. The Φd (k, m) and Φy (k, m) matrices are then
computed with a rank-1 update approach [25]:
Φz (k, m) = λΦz (k, m − 1) + (1 − λ)z(k, m)zH (k, m), (19)
where λ ∈ (0, 1) is a forgetting factor, and z(k, m) ∈
 (k, m)}. Note that, in our simulations, we use the ﬁrst
{d(k, m), y
100 frames to compute the initial estimates of the Φd (k, m) and
Φy (k, m) matrices with a short-time average. Finally, Φu (k, m) is
estimated as Φu (k, m) = Φd (k, m) − Φy (k, m), which is ensured
to be positive semi-deﬁnite. For numerical stability, we invert the
correlation matrices by a truncated eigenvalue decomposition (EVD)
as in [26]. We test the performance of the parametric Wiener ﬁlter
during single- and double-talk (between 6 and 14 seconds). While
it is a very important issue, how to effectively detect the double-talk
situation is beyond the scope of this paper. So, we set aside the
double-talk detection issue and directly use an “ideal” detector to
stop the ﬁlter adaptation during double-talk periods.
In all experiments, we set λ = 0.35 and L = 4. To visualize the
echo suppression performance, Fig. 2 plots the residual echo and estimated near-end signals obtained with the parametric Wiener ﬁlter,
i.e., (17) with μ = 1 and α = 0. The microphone, echo, and nearend signals are also plotted for comparison. As can be seen from
Fig. 2, the parametric Wiener ﬁlter achieves a signiﬁcant amount of
echo suppression while maintaining the near-end signal after processing close to the original one.
4.2. Performance Measures
To evaluate the echo suppression performance of the parametric
Wiener ﬁlter, we use three performance metrics: echo suppression
gain (ESG), near-end speech distortion index, and the perceptual evaluation of speech quality (PESQ) measure [27]. The ESG, which
is also called echo-return loss enhancement (ERLE) in AEC [3],
[28], is deﬁned as


E y 2 (n)
ESG(n) = 10 log10
,
(20)
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Fig. 4. The PESQ score of the parametric Wiener ﬁlter as a function
of μ and α with λ = 0.35 and L = 4. The higher colorful surface is
the PESQ score calculated between u(n) and u
(n), whereas the blue
ﬂat surface is the PESQ score calculated between u(n) and d(n).
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Fig. 3. Echo suppression performance of the parametric Wiener ﬁlter: (a) ESG and (b) speech distortion index, υsd . λ = 0.35 and
L = 4. The performance of the traditional Wiener gain ﬁlter (with
μ = 1, α = 0, and L = 1) is also plotted for comparison.
and the near-end speech distortion index [17], [29] is given by


E [u(n) − uf (n)]2
υsd (n) = 10 log10
(21)
,
E {u2 (n)}
where yre (n) and uf (n) are the time-domain signals reconstructed
from Yre (k, m) in (8) and Uf (k, m) in (7), respectively.
4.3. Echo Suppression Performance as a Function of μ and α
The ﬁrst experiment investigates the inﬂuence of the value of the parameters μ and α in (18) on the echo suppression performance. The
results as a function of time for different values of μ, are presented
in Fig. 3. For comparison, the experimental results of the traditional
Wiener gain ﬁlter (with μ = 1, α = 0, and L = 1, as mentioned in
Section 3.2) are also plotted.
First, we set α = 0, vary the value of μ from 0.5 to 5, and the
results are plotted in solid lines in Fig. 3. As can be seen, a larger
value of μ leads to a higher ESG; but the speech distortion index
increases as well. So, the parameter μ allows a compromise between
echo attenuation and near-end speech distortion, i.e., by choosing a
larger value of μ, it is possible to achieve a higher ESG by slightly
increasing the speech distortion, and vice versa.
Then, we set μ to 1, adjust the value of α from 0 to 0.3, and the
results are also plotted in Fig. 3 (with dotted lines). It is clearly seen
that both the ESG and speech distortion index decrease as the value
of α increases.
For a ﬁxed value of μ and α, e.g., μ = 1 and α = 0, one
can see that the PWF can achieve more than 25 dB echo attenuation
while the near-end speech distortion is less than −20 dB during the
double-talk situation, which is sufﬁcient for many applications.
Figure 3 also plots the results for the traditional Wiener gain ﬁlter, i.e., L = 1. Comparing the results of the parameter Wiener ﬁlter
with L = 4 with those of the traditional Wiener gain, one can see
that the PWF yields a much higher ESG than the traditional Wiener
gain (the dark line) during double-talk at the cost of adding slightly

more speech distortion to the desired near-end speech. This shows
the advantage of using the interframe correlation in echo suppression.
4.4. Speech Quality Evaluation with PESQ
In the third experiment, we evaluate the quality of the estimated nearend speech through the PESQ measure as a function of the parameter μ and α. The PESQ score calculated between the near-end and
microphone signals are used as a benchmark for comparison. The
results are plotted in Fig. 4. One can see that, for a small value of
α (α ≤ 0.05), the PESQ score is not a monotonic function with
respect to μ. It ﬁrst increases and then decreases as the value of μ
increases. The underlying reason can be explained as follows. As
shown in Section 4.3, both ESG and the near-end speech distortion
increases with the value of μ. When μ is smaller, increasing its value can help increase ESG, thereby improving the PESQ score. But
when the value of μ is large, the near-end speech distortion is also
high, which causes degradation in PESQ.
For all values of μ, if α = 1, the ﬁlter in (18) becomes a unit one,
so the echo signal is not attenuated and remains in the target signal.
In this case, the ﬁltering processing does not change the PESQ score
as conﬁrmed by Fig. 4. As the value of α increases from 0 to 1,
the amount of echo attenuation decreases, so does the PESQ score,
which is clearly seen in Fig. 4.
The highest PESQ score is obtained when μ is approximately
0.5 and α = 0 in all the studied experimental conditions. This answers the question why we are interested in the parametric Wiener
ﬁlter approach. Brieﬂy, the parametric Wiener ﬁlter can yield better
echo suppression performance as compared to the traditional Wiener
ﬁlter if the value of the parameters μ and α are properly chosen.
5. CONCLUSIONS
This paper investigated the problem of AES in the STFT domain.
Based on the use of interframe correlation, an AES framework was
formed and a parametric Wiener ﬁlter was then derived by minimizing the near-end speech distortion with a constraint on the level
of the residual echo. By adjusting the two parameters μ and α in
the parametric Wiener ﬁlter, one can control the level of the residual echo and identify a proper tradeoff between the amount of echo
attenuation and the degree of near-end speech distortion for better
perceived speech quality. Simulation results veriﬁed the properties
of the developed parametric Wiener ﬁlter for AES.
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