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Abstract
Sound spatial information benefits human listeners in reverberant environments. This paper deals with the
problem of binaural dereverberation, which reduces reverberation and meanwhile preserves the sound spatial
information at the binaural outputs. A widely linear (WL) filtering framework is adopted where the multiple
real microphone signals are merged into complex signals. The desired binaural outputs are also converted
into complex signals with one channel being its real part, and the other channel being its imaginary part.
By doing so, we transform the problem of binaural dereverberation to one of monaural dereverberation. In
such a framework, the complex late reverberation is modeled using the multichannel delayed WL prediction
by fully taking advantage of the noncircularity of the complex signals. A maximum likelihood method is
then developed to estimate the optimal prediction filter with the speech signal of interest being modeled by
a complex normal distribution. The relationship between the proposed method and the weighted prediction
error (WPE) method is also discussed. Finally, simulation results are provided to justify the effectiveness of
the developed method.

Keywords: Binaural dereverberation, delayed linear prediction, widely linear estimation, spatial infor-
mation preservation.

1 INTRODUCTION
In various speech-related communication and human-machine interface systems, dereverberation is a critical
problem since room reverberation may significantly degrade the speech quality and speech intelligibility as
well as the recognition performance of automatic speech recognition (ASR) systems. As a result, tremendous
research efforts have been devoted to this problem over the past few decades [1–8]. Most such efforts
so far are focused on producing a single-channel dereverberated speech output. However, in hearing aid,
virtual/augmented reality, and many other applications, in addition to reducing the reverberation effect, a
key challenge is also to preserve the spatial information of the sound source such that after dereverberation,
the human listeners can better localize the sound source with a binaural output. This problem is called
binaural dereverberation [9–13]. The spatial information also benefits other signal processing techniques such
as source separation, beamforming, and speech enhancement, to make them more effective in reverberant
environments, where dereverberation is often used as a preprocessor [14–16].
It is known that early reflections (approximately within the first 40 ms of arrival) may help add warmth to
sound due to the colorization effect, while the late reverberation smears the speech temporal and spectral
information, thereby deteriorating the speech quality and intelligibility [13, 14]. To preserve the spatial in-
formation in binaural dereverberation, a straightforward way is to apply a same weighting factor at the two
outputs while suppressing the reverberation with the spectral subtraction-based approach [9, 11] or based on
a sigmoidal coherence-to-gain mapping [13] in the power spectral domain. In [9], a second stage coherence-
based Wiener filter was also suggested to further attenuate the residual reverberation by taking into account
the shadowing effects of the human head. However, this method requires good estimation of the spatial co-
herence and the dereverberation process corrupts the linear relationship between the source and microphone
signals.
In this paper, a widely linear (WL) filtering approach is adopted to achieve binaural dereverberation using a
microphone array in the time domain. The WL filtering framework has shown its potential to preserve the
sound spatial information in binaural noise reduction [17, 18] and stereophonic acoustic echo cancellation
[19–21]. In such a framework, the multiple real microphone signals and binaural outputs are merged into
complex signals. The complex late reverberation is then modeled by a multichannel delayed WL prediction.
The estimation of the WL prediction coefficients is achieved through a maximum likelihood method in which
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the speech signal of interest is modeled by a complex normal distribution [22, 23]. Note that the optimal
prediction filter can also be estimated in the real domain with a proper formulation where the binaural output
speech signals are modeled with the multivariable normal distribution, which is also discussed in this paper.
We also analyze the relationship between the proposed method and the popularly used weighted prediction
error (WPE) method proposed in [24], where speech dereverberation is performed using the delayed linear
prediction.

2 SIGNAL MODEL
Consider a linear microphone array consisting of 2M sensors, which is used to capture a signal of interest
in some reverberant and noisy environment. The received signal at the mth (m = 1, 2, . . . , 2M ) microphone
can then be expressed as

xm(t) = gm(t) ∗ s(t) + vm(t) (1)

=
Lg−1∑
k=0

gm,ks(t− k) + vm(t),

where ∗ denotes linear convolution, s(t) is the unknown source signal, gm(t) is the room impulse response
from the source to the mth microphone, and vm(t) is the additive noise at the mth microphone. We assume
that all the signals xm(t) and vm(t) are real, broadband, and zero mean, and gm(t), m = 1, 2, . . . , 2M share
no common zeros.
Let us first neglect the noise term vm(t) for simplicity as in [24, 25]. The reverberant speech signal xm(t)
can then be written as the sum of two components, i.e.,

xm(t) = em(t) + rm(t), (2)

where

em(t) ,
D−1∑
k=0

gm,ks(t− k), (3)

rm(t) ,
Lg−1∑
k=D

gm,ks(t− k), (4)

are, respectively, the direct sound plus early reflections and late reverberation, and D is the time duration
of the early reflections. In dereverberation, em(t) and rm(t) are often assumed to be uncorrelated with each
other [14].
Following (4), we can rewrite xm(t) as [24]

xm(t) = em(t) + gTl,ms(t−D)
= em(t) + gTl,mG+Gs(t−D)
= em(t) + aTmx(t−D), (5)

where the superscript T is the transpose operator, + denotes the Moore-Penrose pseudo-inverse,

gl,m ,
[
gm,D gm,D+1 · · · gm,Lg−1 0 · · · 0

]T
, (6)

s(t) ,
[
s(t) s(t− 1) · · · s(t− Ls + 1)

]T
, (7)

x(t) ,
[
xT1 (t) xT2 (t) · · · xT2M (t)

]T
= Gs(t), (8)

xm(t) ,
[
xm(t) xm(t− 1) · · · xm(t− L+ 1)

]T
, (9)

am = (GT )+gl,m, (10)

gl,m and s(t) are, respectively, the late impulse response and source signal, both of length Ls, xm(t), of
length L, is the vector form of xm(t), x(t) and am are, respectively, the observation signal vector and
prediction filter, both of length 2ML,

G ,
[
GT

1 GT
2 · · · GT

2M
]T
, (11)
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Gm ,


gTm 0 0 · · · 0
0 gTm 0 · · · 0
...

...
...

...
...

0 0 · · · 0 gTm

 , (12)

gm ,
[
gm,0 gm,1 · · · gm,Lg−1

]T
, (13)

gm, of length Lg , is the vector form of gm(t), and G and Gm are matrices of size 2ML× Ls and L× Ls
respectively, Ls = L + Lg − 1. Here, we assume Ls 6 2ML. Assume that gm(t), m = 1, 2, . . . , 2M share
no common zeros, then rank(G) = Ls, and G+G = ILs

, where ILs
is the identity matrix of size Ls × Ls.

From (5), one can see that the late reverberation rm(t) can be modeled by a delayed linear prediction with
the prediction filter am.

3 WIDELY LINEAR MODEL
To perform binaural dereverberation, it is necessary to produce at least two output signals from the observa-
tions at the microphone array. This can be done by using the WL filtering framework, where the multiple
real microphone signals are merged into complex signals [17, 18], i.e.,

yi(t) , xi(t) + xM+i(t) = hi(t) ∗ s(t), (14)

where  =
√
−1 is the imaginary unit, and hi(t) , gi(t) + gM+i(t) is the complex room impulse response

of the ith (i = 1, 2, . . . ,M ) complex channel. It follows immediately according to (5) that

yi(t) = di(t) + hTl,is(t−D)
= di(t) + hTl,iH+Hs(t−D)

= di(t) + h̃Hi ỹ(t−D), (15)

where the superscript H stands for the conjugate-transpose operator, di(t) , ei(t) + eM+i(t) is the complex
direct sound plus early reflections, hl,i , gl,i + gl,M+i is the complex late impulse response,

h̃i = (HH)+h∗l,i = 1
2TML(GT )+h∗l,i, (16)

ỹ(t) ,
[

y(t)
y∗(t)

]
= Hs(t) = TMLx(t), (17)

y(t) ,
[
yH1 (t) yH2 (t) · · · yHM (t)

]H
, (18)

the superscript ∗ denotes complex conjugation, yi(t) is defined analogously to xi(t),

H = TMLG, (19)

and

TML ,

[
IML IML

IML −IML

]
(20)

is the real-to-complex transformation matrix, H+H = ILs
.

Inspecting (15) and (17), one can see that both y(t−D) and y∗(t−D) are used to model the late reverber-
ation. Without loss of generality, we choose d1(t) = e1(t) + eM+1(t) as the desired signal to recover. An
estimate of d1(t) can then be obtained as

d̂1(t) = y1(t)− h̃H ỹ(t−D), (21)

where h̃ is the complex prediction filter to be estimated. From (21), one can see that the objective of binaural
dereverberation is to find an optimal filter h̃ that can best estimate d1(t) from y1(t) and ỹ(t−D).

4 DELAYED WIDELY LINEAR PREDICTION
The dereverberation filter proposed in [24] assumes that em(t) is a Gaussian process with a time-varying
variance. Since we deal with complex signals, the complex normal distribution should be exploited to model
d1(t) [22, 23]. Therefore, the probability density function (pdf) of d1(t) is

p
[
d1(t)

]
= 1
π[det Γ(t)]1/2 exp

[
−1

2dH1 (t)Γ−1(t)d1(t)
]
, (22)
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where

d1(t) =
[
d1(t) d∗1(t)

]T
, (23)

Γ(t) = σ2
d1

(t)
[

1 γd1(t)
γ∗d1

(t) 1

]
, (24)

σ2
d1

(t) , E
[
|d1(t)|2

]
is the variance of d1(t), E[·] denotes mathematical expectation, and

γd1(t) =
E
[
d2

1(t)
]

E
[
|d1(t)|2

] (25)

is the second-order circularity quotient [17, 18] of d1(t). The absolute value of γd1(t) satisfies 0 6 |γd1(t)| 6
1. If γd1(t) = 0, d1(t) is second-order circular since its pdf can be well modeled by its variance. Otherwise,
it is non-circular.
Let us check the circularity of d1(t). According to (25), we have

γd1(t) ,
E
[
e2

1(t)
]
− E

[
e2
M+1(t)

]
+ 2E

[
e1(t)eM+1(t)

]
E
[
|d1(t)|2

] . (26)

According to the signal model given in (1)–(3) and the assumption that em(t), m = 1, 2, . . . , 2M , are from
the same source s(t), we should have E

[
e1(t)eM+1(t)

]
6= 0. Therefore, with our signal model, we can state

that γd1(t) 6= 0, and d1(t) is noncircular [17, 18].

4.1 Delayed Widely Linear Prediction Method

With the pdf of d1(t), the parameters θ =
{
h̃,Γ(t)

}
can be estimated by maximizing the log likelihood

function [24]:

L(θ) =
T∑
t=1

log p
[
d1(t)

]
, (27)

where T is the time duration of the signal of interest. The solution can be derived iteratively as follows
[24].

1) Initialize

Γ̂(t) =
Lf∑

τ=−Lf

d1(t+ τ)dH1 (t+ τ) (28)

with a frame length of 2Lf + 1 and d1(t) = y1(t).

2) Repeat h̃ and Γ̂(t) until convergence

(a) Update h̃ [
h̃
h̃∗

]
=
[

R −C
−CH RT

]+ [ r− c
r∗ − c∗

]
, (29)

where

R =
T∑
t=1

ỹ(t−D)ỹH(t−D)
σ̂2
d1

(t)(1− |γd1(t)|2) , (30)

C =
T∑
t=1

γ̂∗d1
(t)ỹ(t−D)ỹT (t−D)
σ̂2
d1

(t)(1− |γd1(t)|2) , (31)

r =
T∑
t=1

ỹ(t−D)y∗1(t)
σ̂2
d1

(t)(1− |γd1(t)|2) , (32)

c =
T∑
t=1

γ̂∗d1
(t)ỹ(t−D)y1(t)

σ̂2
d1

(t)(1− |γd1(t)|2) . (33)

(b) Update (28) using
d̂1(t) = y1(t)− h̃H ỹ(t−D). (34)
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4.2 Delayed Linear Prediction Method

The previous subsection derived the prediction filter h̃ by using the WL filtering framework in the complex
domain. In this subsection, we derive an equivalent method in the real domain. Let us denote x(t) =
[x1(t) xM+1(t)]T and e(t) = [e1(t) eM+1(t)]T . Using (5), we have

x(t) = e(t) +
[

aT1
aTM+1

]
x(t−D), (35)

d1(t) =
[
1 
1 −

]
e(t). (36)

Therefore, an estimate of e(t) can then be obtained as

ê(t) = x(t)−ATx(t−D), (37)

where A = [â1 âM+1] is the estimated prediction filter.
Substituting (36) into (22), we get

p [e(t)] = 1
2π[det Λ(t)]1/2 exp

[
−1

2eT (t)Λ−1(t)e(t)
]
, (38)

where Λ(t) = E[e(t)eT (t)] is the correlation matrix of e(t). The estimation of A and Λ(t) can be achieved
in a similar way as in [15, 16] by maximizing the log likelihood function (27).

4.3 Special Case
Let us consider the particular case where γd1(t) = 0. In such a scenario, we have

p
[
d1(t)

]
= 1
πσ2

d1
(t) exp

[
−|d1(t)|2

σ2
d1

(t)

]
. (39)

Using (39), (27) can be rewritten as

L(θ) = −
T∑
t=1

[∣∣y1(t)− h̃H ỹ(t−D)
∣∣2

σ2
d1

(t) + log σ2
d1

(t)
]

+ const., (40)

and (29) becomes
h̃ = R+r. (41)

Combining (17) and (41) and substituting the result into (21), we get

d̂1(t) = y1(t)− âT1 x(t−D)− âTM+1x(t−D)
= ê1(t) + êM+1(t), (42)

where

âm =
[ T∑
t=1

x(t−D)xT (t−D)
σ̂2
em

(t)

]+ T∑
t=1

x(t−D)xm(t)
σ̂2
em

(t) , (43)

with σ2
em

(t) , E[e2
m(t)] being the variance of em(t). From (42), one can see that this output fully cor-

responds to the delayed linear prediction as in [24]. In other words, the method developed in [24] is a
particular case of the method developed in this paper.

5 SIMULATIONS
Simulations are conducted using the impulse responses measured in the Bell Labs Varechoic Chamber [26,
27]. Two microphones at (3.237, 0.500, 1.400) (in meters) and (3.437, 0.500, 1.400) are used, and the clean
speech source is placed at the positions (1.337:1.000:5.337, 1.938, 1.600) to simulate a moving source, i.e.,
the source stays at one position for 2 s and then moves to the next position. This moving source is used
to evaluate the performance of spatial information preservation of the developed dereverberation method. We
consider two sets of reverberation conditions: a light reverberation condition with the reverberation time
T60 being approximately 0.24 s and a moderate reverberation condition with T60 being approximately 0.58 s.
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Figure 1. Contours of the computed short-time CCFs in two room reverberant conditions: (a) between the
two reverberant signals with T60 = 0.24 s, (b) between the signals after dereverberation of the signals in (a),
(c) between the two reverberant signals with T60 = 0.58 s, and (d) between the signals after dereverberation
of the signals in (c).

The clean speech signals used are taken from the TIMIT database [28]. We consider dereverberation of
narrowband speech with 4 kHz bandwidth and 8 kHz sampling rate. So, all the signals are resampled from
its original sampling frequency to 8 kHz. The reverberant signals are generated by convolving the source
signal with the corresponding measured room impulse responses.
The parameters for all simulations are set as follows: D = 240 and Lf = 160. L is set to 1600 for the
light reverberation condition and 3200 for the moderate reverberation condition. The number of iterations
is limited to 1 as in [24] in all cases. Note that the pre-whitening technique was also exploited before
estimating the filter coefficients as in [14].
The cross-correlation function (CCF) is computed to visualize the spatial sound information before and after
dereverberation. The CCF is computed using a short time average every 100 ms without any overlap as
in [17], whose maximal value stands for the current source direction. Figure 1 plots the contours of the
computed CCF between the two reverberant inputs as well as that between the two dereverberant outputs in
the two studied reverberantion conditions. Comparing Fig. 1(a) and (c), one can clearly see that reverberation
deteriorates the source spatial information. But the spatial information is well recovered by the developed
method as seen in Fig. 1(b) and (d).
To further evaluate the dereverberation performance of the developed method, we compute the average cep-
stral distance (CD) over short-time frames according to [24]. Specifically, the CD (in dB) between two
signals at each short-time frame is defined as

CD = 10
ln 10

√√√√(β̂0 − β0)2 + 2
12∑
k=1

(β̂k − βk)2, (44)

where β̂k and βk are the real cepstral coefficients [29] of the speech signal under evaluation and desired
signal (direct sound plus early reverberation), respectively. We use 20 sentences from different speakers (10
male and 10 female), and compute the average CDs for the left and right output channels separately with
a frame length of 32 ms, and 75% overlap. The length of speech are all 2 s, and the room reverberation
condition is T60 = 0.58 s. With our experimental setup, the average CDs of the left- and right-channel
reverberant speech are 2.69 and 2.72, respectively, while that of the dereverberant speech are 2.43 and 2.45,
respectively.

4929



 

 4

3

2

1

0

1.0

0.5

0
(a)

 

 4

3

2

1

0

1.0

0.5

0
(b)

 

 4

3

2

1

0

1.0

0.5

0
0 0.4 0.8 1.2 1.6 2.0

(c)

Time (s)

 

 4

3

2

1

0

1.0

0.5

0
0 0.4 0.8 1.2 1.6 2.0

(d)

Time (s)

Figure 2. Spectrograms of the reverberant signals [(a) left channel, (b) right channel] and the dereverberated
signals [(c) left channel, (d) right channel]. The room reverberation time is T60 = 0.58 s.

To give an example, Figure 2 plots the spectrograms of the left- and right-channel reverberant and dere-
verberated speech signals. One can see from this figure that the developed method has effectively reduced
the reverberation component from the reverberant speech. Meanwhile, the speech spectrum and the spatial
information are well preserved.

6 CONCLUSIONS
This paper studied the binaural dereverberation problem using a microphone array in the time domain. By
adopting the WL framework, we merge the multiple real microphone inputs and binaural outputs into com-
plex signals. The late reverberation is then modeled using the delayed WL prediction, which takes into
account the noncircular property of the complex speech signals. The optimal prediction filter coefficients are
estimated by maximizing the log likelihood function where the complex normal distribution is used to model
the speech signal of interest. The relation of the developed method with the WPE method developed in the
literature was also discussed. Simulation results showed that this dereverberation filter can effectively reduce
the reverberation effect and meanwhile preserves the spatial information of the sound source.
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