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ABSTRACT

Many methods for dereverberation of speech have been proposed, however most of these methods require large computational resources. In this paper, we evaluate a method based
on a complementary Wiener ﬁlter which requires very little
computation. Because the ﬁlter coefﬁcients used with this
method have a large impact on dereverberation performance,
we propose method to estimate these ﬁlter coefﬁcients. Our
ﬁlter estimation method is based on the observation that
modulation transfer functions have inverse characteristics
of dereverberation ﬁlter. We also use spectral subtraction for
noise reduction and an ML estimator to estimate reverberation
time. The results of our experimental evaluation show that
our proposed method can effectively suppress reverberation
with only a slight time delay.
Index Terms— dereverberation, real-time processing,
single-channel, Wiener ﬁlter, modulation transfer function
1. INTRODUCTION
Speech recognition technology is currently in use in applications such as the voice call function of smart phones, for
voice-activated information searches, and in other types of
hands-free computer interfaces, and its use is rapidly spreading. These systems are often used in rooms, however, and
when we use a microphone indoors, the reﬂection of sound
waves from the walls, called reverberation, reduces the clarity of speech. Therefore, removing acoustic distortion from
reverberant speech is an important issue, and many dereverberation techniques have been proposed. When we use dereverberation methods with voice call and teleconferencing systems, it is desirable that there be no delay due to computational processing. Moreover, current dereverberation methods
require additional ﬁltering processes, such as noise reduction.
However, most of the devices using these systems have limited computational speed and resources. Thus, it is desirable
to minimize computation during dereverberation.
Lebart et al. proposed a single channel dereverberation
technique using spectral subtraction (SS) [1]. They assumed
that the late reverberant component of recorded speech is
equal to the target speech, when time delay and amplitude
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attenuation are taken into consideration [2]. Unoki et al. proposed a dereverberation method based on restoration of the
speech power envelope [3]. Using the conventional method,
the speech power envelope component is ﬁrst separated from
reverberant speech. Then, the power envelope component is
ﬁltered and integrated with the carrier component.
Regarding multi-channel methods, semi-blind MINT
(Multiple-input/output INverse ﬁltering Theorem) [4], multichannel multiple-step linear prediction [5] and others have
been proposed. These multi-channel methods can perform
dereverberation more accurately than single channel methods, however multi-channel methods require multiple microphones and large computational resources.
Kondo et al. proposed a dereverberation method based
on a complementary Wiener ﬁlter [6]. This method requires
much less computation than other proposed methods, and thus
has the advantages of little time delay and use of fewer computational resources. The drawback with this method is the
care which must be taken when selecting dereverberation parameters. These parameters have a large impact on dereverberation performance [7], thus selecting the appropriate parameters is crucial.
In this paper, we propose a method of dealing with noisy
reverberant data. First, we use spectral subtraction for noise
reduction. Then, for blind dereverberation, we use a maximum likelihood reverberation time estimator. Next we estimate the parameters of the dereverberation ﬁlters. Our parameter estimation method is based on the fact that modulation
transfer functions have the inverse characteristics of dereverberation ﬁlters. Because our method requires very little computation, it can perform dereverberation very quickly. Finally,
we perform an experimental evaluation to conﬁrm the performance of our method.

2. CONVENTIONAL USE OF WIENER FILTER FOR
DEREVERBERATION
Kondo et al. proposed a dereverberation method based on a
complementary Wiener ﬁlter [6]. Dereverberated speech processed using a complementary Wiener ﬁlter can be expressed

as follows:

3. ESTIMATION OF FILTER COEFFICIENTS
Z(k, l) = G(k, l)X(k, l)

(1)

where Z(k, l) represents dereverberated speech, X(k, l) represents the observed speech in the frequency domain, k represents the frequency bin index and l represents the frame index. G(k, l), which is the spectral gain of the dereverberation,
is based on a complementary Wiener ﬁlter, which can be calculated as:
⎧
PX (k, l)
⎪
⎪
≥1
⎨ 1,
PX (k)
G(k, l) =
,
(2)
PX (k, l)
⎪
⎪
, otherwise
⎩
PX (k)
where,

2
PX (k, l) = X(k, l) ,
2

PX (k) = El [|X(k, l)| ].

(3)
(4)

El [·] is the expectation of the power spectrum over frame index l. To solve the gain calculation, we approximate expectation El [·] using the exponential moving average, as shown in
Eq.(5):
RX (k, l) = (1 − α)PX (k, l) + αRX (k, l − 1),

(5)

where, α(0 < α < 1) is a weighting factor representing how
many past values we consider, which is called a smoothing
constant. Thus, dereverberation gain can be represented as:
⎧
PX (k, l)
⎪
⎪
≥1
⎨ 1,
R
X (k, l)
G(k, l) =
.
(6)
PX (k, l)
⎪
⎪
, otherwise
⎩
RX (k, l)
In Eq.(6), we calculated the ratio between instantaneous
speech power PX (k, l) and long term average RX (k, l).
However, when the PX (k, l) is almost 0, the dereverberation
gain also becomes almost 0, which results in a musical tone.
Therefore, as an approximate value of PX (k, l), we use the
short term exponential moving average of PX (k, l). In other
words, we use two smoothing constant α1 and α2 (α1 < α2 )
to calculate short term average R1 (k, l) and long term average R2 (k, l). Finally, dereverberation gain can be represented
as:
⎧
R1 (k, l)
⎪
⎪
≥1
⎨ 1,
R2 (k, l)
G(k, l) =
.
(7)
R1 (k, l)
⎪
⎪
, otherwise
⎩
R2 (k, l)
To calculate this gain, we only use the exponential moving
average of speech power. In the discussions below, we will
use Eq.(7) for dereverberation.
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When we use a dereverberation method based on a complementary Wiener ﬁlter, we must set ﬁlter coefﬁcients α1 and
α2 of the smoothed ﬁlter. This is a crucial step, because the
performance of this dereverberation method will vary widely
in response to changes in the ﬁlter coefﬁcients.
In this section, we will discuss ﬁlter coefﬁcient estimation methods used to choose the best ﬁlter coefﬁcients. Our
estimation method is based on the fact that the modulation
transfer function has the inverse characteristics of the dereverberation ﬁlter.
3.1. Modulation transfer function
In this paper, we assume that the effect of reverberation can
be represented by the modulation transfer function (MTF) [3].
If we regard the room where speech occurs as the transduction pathway, MTF reveals the relationship between the input
(source sound) and the output (reverberant sound). Input and
output power change in the frequency domain can be deﬁned
as:
Input :
Output

Ii (1 + cos(2πfm t)),
Io (1 + A(fm )cos(2πfm t − θ)),

(8)
(9)

where Ii is input power, Io is output power, and θ is the
phase of each modulation frequency. fm , which represents
the modulation frequency, shows the frequency of the speech
power envelope. Relationship between modulation frequency
fm and usual freqency f is fm = f /R, where R is the frame
shift width. Moreover, frame index l and time t have the same
relation, that is t = l·R.
A(fm ) in the Eq.(9) is the MTF. From Eq.(8) and (9), the
MTF under the reverberant condition can be calculated as:
 ∞ 2


eh (t)exp(−j2πfm t)dt
0
∞ 2
A(fm ) =
,
(10)
eh (t)dt
0
where e2h (t) is the power envelope of the room impulse response (RIR). Here, we use the exponential decay model of
the RIR [8]:

3ln10
2
eh (t) = exp −
t .
(11)
T60
Therefore, the MTF can be expressed as:
A(fm ) =


T60
1 + 2πfm
6ln10

2

−1/2

,

(12)

where T60 is the reverberation time. Fig. 1 shows the MTFs
of different reverberation times. The vertical axis represents
the MTF A(fm ), and the horizontal axis represents the modulation frequency fm . From this ﬁgure we can see that under
the reverberant condition, the high frequency component of
the speech power envelope is highly suppressed. Moreover,
as reverberation time increases, suppression increases.
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Fig. 1. Relationship between MTFs and modulation frequency.

When reverberant speech passes through the dereverberation
ﬁlter, the speech is affected by the amplitude response of the
ﬁlter. Therefore, we need to consider the amplitude response
of the dereverberation ﬁlter.
To calculate the amplitude response, we make a ztransform of the exponential moving average shown in Eq.(5):
(13)

where RX [k, z] and PX [k, z] represent the z-transformations
of RX (k, l) and PX (k, l), respectively. Rearranging this
equation to obtain RX [k, z], we get:
1−α
PX [k, z].
(14)
1 − αz −1
Similarly, by making a z-transform of the dereverberation
gain from Eq.(2), we get:
RX [k, z] =

G[k, z] =

R1 [k, z]
.
R2 [k, z]

(15)

Then, we substitute Eq.(14) and z = exp(−j2πfm ) to compute the frequency response H(fm ) of dereverberation gain
G(k, l):
H(fm ) =

1 − α1 1 − α2 exp(−j2πfm )
.
1 − α2 1 − α1 exp(−j2πfm )

䢴䢲

Fig. 2. Amplitude responses of the dereverberation ﬁlter.
3.3. Estimation of ﬁlter coefﬁcients

3.2. Amplitude response of dereverberation ﬁlter

RX [k, z] = (1 − α)PX [k, z] + αz −1 RX [k, z],
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(16)

Fig. 2 shows the amplitude responses |H(fm )| of the
dereverberation ﬁlters for various smoothing constants α2 .
In this ﬁgure, smoothing constant α1 = 0.4 is ﬁxed. The
vertical axis represents amplitude response |H(fm )|, and the
horizontal axis represents modulation frequency fm . From
this ﬁgure, we can see that the dereverberation ﬁlter enhances
high frequency components of the speech power envelope, in
contrast to the MTF. Moreover, as smoothing constant α2 becomes larger, enhancement of high frequency components becomes stronger.
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An overview of our dereverberation process can be considered as below. First, a sound source produces the speech
signal X(fm ). Second, speech signal X(fm ) is affected by
RIRs and background noise. Thus, assuming that A(fm ) is
an effect of the MTF and background noise, noisy reverberant
speech can be considered as A(fm )X(fm ). Next, the reverberant speech passes through the dereverberation ﬁlter, and
is affected by the amplitude response of that ﬁlter |H(fm )|.
Therefore, the dereverberation ﬁlter outputs the dereverberated signal |H(fm )| A(fm )X(fm ). Thus, it follows that if:
|H(fm )| A(fm ) = 1

(17)

for all of modulation frequency fm , the dereverberated speech
can be considered to be equal to the source speech signal. In
this paper, we assume that reverberation time is already given
or can be easily estimated. Therefore, the MTF can be found,
and we only need to adjust smoothing constants α1 and α2 .
For ﬁlter coefﬁcient estimation, we use the following sum
of squares error function:
E=

M


2
1
1 − H(fm )A(fm ) ,
2 m=1

(18)

where m denotes the modulation frequency bin index and
M is the number of modulation frequency bins. Taking the
derivative of E with respect to α1 and α2 , we get:
∂E
1 + α1
=−
∂α1
1 − α1
∂E
1 + α1
=
∂α2
1 − α2

M

1 − cos(2πfm )B(fm )

m=1
M

m=1

|1 − α1 exp(−j2πfm )|

2,

1 − cos(2πfm )B(fm )
|1 − α2 exp(−j2πfm )|

2,

(19)

(20)

where B(fm ) is as follows:
B(fm ) = |H(fm )| A(fm ) {|H(fm )| A(fm ) − 1} .

(21)

  

Table 1. Dereverberation conditions
Sampling frequency
16,000 Hz
Frame length
32 ms (512 pt)
Frame shift
8 ms (128 pt)
DFT length
512 pt
Initial reverberation time
0.2 s
Initial value for α1
0.2
Initial value for α2
0.8
Noise estimation data length 128 ms (2048 pt)
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algorithm frame by frame, dereverberation can be done adaptively.
In the initialization step, we set the initial values of the
reverberation time and smoothing constants α1 and α2 . In
addition, using the initial few frames, we estimate the strength
of the background noise for spectral subtraction.
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5. EXPERIMENTS
5.1. Experimental conditions
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Fig. 3. Overview of a single iteration of our dereverberation
method.
To estimate the ﬁlter coefﬁcients, we use the steepest descent method and the following iteration equations:

∂E 
(i+1)
(i)
α1
= α1 − λ1
,
(22)
∂α1 α1 =α(i)
1

∂E 
(i+1)
(i)
α2
= α2 − λ2
,
(23)
∂α2 α2 =α(i)
2

where i is the iteration index, and λ1 and λ2 denote the step
width.
4. PROPOSED METHOD
An overview of the dereverberation method described above
is shown in Fig. 3. Our method, which uses a complementary
Wiener ﬁlter, is unable to suppress background noise, however. Therefore, we use ssubmmse() function in Voicebox
[9] for noise reduction. Next, we use a maximum likelihood
(ML) estimator to estimate reverberation time [10], and then
estimate the smoothing constants. Finally, we perform dereverberation using the conventional method. Repeating this
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Dereverberation conditions are shown in Table 1. Reverberation time and smoothing constants α1 and α2 are initialized
using the values in the table and are updated iteratively using
the method described above. REVERB-Challenge data [11]
was used for objective evaluation. There are two kinds of
speech datasets, namely simulated dataset and real recording
dataset.
The simulated dataset consisted of utterances from the
WSJCAM0 corpus [12], which are convolved by RIRs measured in different rooms. It simulates six different reverberation conditions: three types of rooms with different volumes
(small, medium and large), and two distances between the
speaker and the microphone array (near = 50 cm, far = 200
cm). Reverberation times for each room are about 0.25 s, 0.5
s and 0.7 s, respectively. For the simulated dataset, noise is
added to the reverberant speech with a signal-to-noise ratio
(SNR) of 20 dB.
The real recording dataset consists of utterances from the
MC-WSJ-AV corpus [13], which are utterances recorded in a
noisy and reverberant room. Reverberation time of the real
recording dataset is 0.7 s. Distances between the speaker and
the microphone array are either “near” (= 100 cm) or “far” (=
250 cm).
5.2. Experimental results
Experimental results are shown in Table 2. “Reverberant”
represents the results for noisy reverberant speech data, and
“Enhanced” represents the results after dereverberation.
For objective evaluation, we used four objective measures: cepstrum distance (CD), log likelihood ratio (LLR),

Table 2. Experimental results (lower values of CD and LLR indicate higher sound quality, while higher values of FWSegSNR
and SRMR indicate higher sound quality)
Datasets
Simulated Dataset
Real Recording Dataset
Small room Medium room Large room
Environments
Average
Far Near Average
Far Near Far
Near
Far Near
Reverberant 2.67 1.99 5.21
4.63
4.96 4.38
3.97
CD [dB]
Enhanced
3.93 3.89 5.02
4.26
4.84 4.08
4.34
Reverberant 0.38 0.35 0.75
0.49
0.84 0.65
0.58
LLR
Enhanced
0.61 0.60 0.91
0.65
0.94 0.73
0.74
Reverberant 6.68 8.12 1.04
3.35
0.24 2.27
3.62
FWSegSNR [dB]
Enhanced
7.69 7.63 5.50
7.79
4.78 6.86
6.71
Reverberant 4.58 4.50 2.97
3.74
2.73 3.57
3.68
3.19 3.17
3.18
SRMR
Enhanced
5.53 5.21 4.32
5.06
4.08 4.92
4.85
5.97 6.13
6.05
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Fig. 4. Results compared with the Lebart method.
frequency-weighted segmental SNR (FWSegSNR) [14] and
speech-to-reverberation modulation energy ratio (SRMR)
[15]. CD, LLR and FWSegSNR are based on the discrepancy
between the target and reference signals. The clean speech
signal is used as the reference, thus these measures are used
only for the simulated dataset. In contrast, SRMR can be
calculated only from target signals, thus SRMR is used for
both datasets. The smaller values of CD and LLR mean better
dereverberation of speech. On the other hand, greater values
of FWSegSNR and SRMR mean better dereverberation of
speech.
Compared with the original reverberant speech, CD and
LLR became a little lower in quality after dereverberation. In
contrast, FWSegSNR and SRMR improved in quality. From
these results, we see that our dereverberation method can suppress reverberation with minor processing distortion.
In Fig. 4, we compare the results of the proposed method
and Lebart’s method [2]. In this ﬁgure, reverberant shows
the results of reverberant noisy speech. Proposed and Lebart
means the results of proposed method and Lebart’s method,
respectively. From this ﬁgure, we can see that results of CD,
LLR and FWSegSNR are comparable between the two meth-
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ods, but that the results of SRMR is higher for the proposed
method than for Lebart’s method.
Computational complexity is also an important factor in
speech dereverberation. We used processing time and real
time factor (RTF) to evaluate computational complexity, and
the results are shown in Table 3. Our equipment speciﬁcations
were as follows: we used MATLAB 2012a for dereverberaR CoreTM i5-3470 processor (4
tion processing with an Intel
core, up to 3.60 GHz) and a 12 GB memory (DDR3-1333).
Compare to the Lebart’s method, our proposed method can
process much faster.
According to the RTF, we can process speech faster than
the speed of the speech. Thus, the processing delay is only 32
ms, which is the frame length for this dereverberation method.
For noise estimation, we used the ﬁrst 128 ms (2048 pt) of
speech data. Therefore, the maximum delay using this dereverberation method is estimated to be 160 ms, small enough
for real time processing.
6. CONCLUSION
In this paper, we proposed dereverberation method based on
the complementary Wiener ﬁlter. For ﬁlter parameter estimation, we use MTF and the amplitude response of the dereverberation ﬁlter. Parameters are selected to neutralize the effect
of the MTF. Spectral subtraction is used to suppress noise, and
an ML estimator is used to estimate reverberation time. From
the results of our experimental evaluation, it is shown that
our method can dereverberate speech effectively with limited
computational resources and with almost no processing delay.
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Method
Dataset
Length of data [s]
Processing time [s]
RTF

Table 3. Processing time
Proposed
Lebart [2]
Simulated dataset Real recording Simulated dataset Real recording
17232
2424.1
17232
2424.1
1281.8
171.39
6257.9
871.33
0.0743
0.0707
0.3632
0.3594
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