2011 Joint Workshop on Hands-free Speech Communication and Microphone Arrays

May 30 - June 1, 2011

JOINT DEREVERBERATION AND NOISE REDUCTION
USING A TWO-STAGE BEAMFORMING APPROACH
Jacob Benesty
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ABSTRACT
In this paper a two-stage beamforming approach is presented for
dereverberation and noise reduction. The first stage comprises a
delay-and-sum (DS) beamformer that generates a reference signal
that contains a spatially filtered version of the desired speech and interference. In general, the desired speech component at the output of
the DS beamformer contains less reverberation compared to reverberant speech signal received at the microphones. The second stage
uses the filtered microphone signals and the noisy reference signal
to estimate the desired speech component at the output of the DS
beamformer. A major advantage over classical approaches is that the
proposed approach is able to dereverberate the received desired signal with very low speech distortion. The dereverberation and noise
reduction performance is evaluated for a circular microphone array.
Index Terms— Speech enhancement, dereverberation, noise reduction, beamforming, microphone arrays.
1. INTRODUCTION
Distant or hands-free audio acquisition is required in many applications such as audio-bridging and teleconferencing. A microphone
array is often used for the acquisition and consists of multiple microphones that are arranged in a specific pattern. The received microphone signals usually consist of a desired speech signal and interference. The received signals are processed in order to extract the
desired speech, or in other words to suppress the interference. In the
last four decades many algorithms have been proposed to process the
received signals (c.f. [1, 2] and the references therein).
The minimum variance distortionless response (MVDR) beamformer, proposed by Capon [3], is aiming at minimizing the output
power under the constraint on the response of the array towards a
desired source signal. To avoid this constrained optimization, Griffiths and Jim [4] proposed the generalized sidelobe canceller (GSC)
structure, which separates the output power minimization and the application of the constraint. Initially, the GSC structure was based on
the assumption that the different sensors receive a delayed version
of the desired signal, and therefore we refer to it as the delay generalized sidelobe canceller (D-GSC). The D-GSC comprises three
blocks: i) a filter-and-sum beamformer (FSB), which aligns the desired direct sound signal components, ii) a blocking matrix (BM),
which blocks the desired direct sound components resulting in reference noise signals, and iii) a multichannel adaptive noise canceller
(ANC), which eliminates noise components that leak through the
sidelobes of the FSB.
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The D-GSC suffers from two basic problems [2]. The first
problem is caused by the non-ideal FSB, which can lead to a noncoherent filter-and-sum operation that results in a distortion of the
desired speech. Doclo and Moonen [5] and Nordholm et al. [6] use
spatial and frequency domain constraints to improve the robustness
of beamformers. The second problem is caused by non-perfect BM
and is known as the leakage problem. If the desired speech leaks into
the noise reference signals the noise canceller filters will subtract
speech components from the FSB output, causing self-cancellation
of the desired speech, and hence a severe speech distortion. Even
when the ANC filters are estimated or adapted during noise-only
periods, the self-cancellation is unavoidable. Although not as intuitively clear, the MVDR also suffers from these two basic problems
when the constraint is inadequate (note that the MVDR and GSC are
mathematically equivalent).
The techniques to limit the distortion resulting from this leakage can be divided into two classes. Techniques in the first class
reduce the leakage components in the noise references. This can be
achieved i) by using a more robust fixed blocking matrix design [5],
ii) by using an adaptive blocking matrix [7–9], or iii) by constructing
a blocking matrix based on estimating the ratios of the acoustic transfer functions from the speech source to the microphone array [10].
Techniques in the second class limit the distorting effect of the leakage components i) by controlling the step-size of the multichannel
adaptive algorithm, such that the multichannel ANC is only updated
during periods (and for frequencies) where the signal-to-noise ratio (SNR) is low [9], ii) by constraining the update formula for the
multichannel adaptive filter, e.g. by imposing a quadratic inequality constraint [11, 12] or by using the leaky least mean square algorithm [13], or iii) by taking speech distortion due to speech leakage
into account using a speech distortion weighted multichannel Wiener
filter [14, 15].
The MVDR proposed in [1] and GSC proposed in [10] aim at estimating the reverberant signal received by one of the microphones
and thereby alleviates the leakage problem. The disadvantage of this
approach is that the reverberation of the received speech signal is not
reduced. In this paper a novel two-stage beamforming approach is
presented that allows both dereverberation and noise reduction with
low speech distortion. The first stage comprises of a DS beamformer
that generates a reference signal that contains a spatially filtered version of the desired speech signal and interference. In general, the desired speech component at the output of the DS beamformer contains
less reverberation compared to reverberant speech signal received at
the microphones. The second stage uses the filtered microphone signals and the noisy reference signal to estimate the desired speech
component at the output of the DS beamformer.

The paper is organized as follows. In Section 2 the signal model
is described. In Section 3 the proposed two-stage beamforming approach is presented. In Section 4, performance measures are defined
that are subsequently used in Section 5 for the performance evaluation. Finally, conclusions are provided in Section 6.

2. SIGNAL MODEL
We consider the well-accepted room acoustics signal model in which
an N -element microphone array captures a convolved source signal
in some noise field. The received signals, at the discrete time-index
k, are expressed as [1]
yn (k)

gn (k) ∗ s(k) + vn (k)
xn (k) + vn (k), n = 1, 2, . . . , N,

=
=

(1)

where gn (k) is the impulse response from the unknown speech
source s(k) to the nth microphone, ∗ stands for linear convolution,
and vn (k) is the additive noise at microphone n. We assume that the
signals xn (k) = gn (k) ∗ s(k) and vn (k) are uncorrelated and zero
mean. By definition, xn (k) is coherent across the array while vn (k)
may be non-coherent or partially coherent. All previous signals are
considered to be real and broadband.
Expression (1) can be rewritten in the frequency domain, at the
frequency-index f , as
Yn (f )

=
=

Gn (f )S(f ) + Vn (f )
Xn (f ) + Vn (f ), n = 1, 2, . . . , N,

(2)

where Yn (f ), Gn (f ), S(f ), Xn (f ) = Gn (f )S(f ), and Vn (f ) are
the frequency-domain representations of yn (k), gn (k), s(k), xn (k),
and vn (k), respectively.

is the desired signal and
N
N
1 Xe
1 X
Vn (f )ejf F1n
Veref (f ) =
Vn (f ) =
N n=1
N n=1

(6)

is the reference noise signal. Clearly, the inverse Fourier transform
ed (f ) is, in principle, less reverberant than any of the signals
of X
xn (k), n = 1, 2, . . . , N . This, basically, concludes the first stage,
which consists of dereverberating the reverberant speech signal at
the sensors with a DS beamformer1 .
The signal YeDS (f ) is considered as the reference signal since
ed (f ), that we will try to extract, in
it contains the desired signal, X
the second stage, from the aligned noisy observations, Yen (f ), n =
1, 2, . . . , N . We see that the variance of YeDS (f ) is


2
φYeDS (f ) = E YeDS (f )
=

φXed (f ) + φVeref (f ),

(7)

where E[·] denotes mathematical expectation, and φXed (f ) =




2
2
ed (f )
and φVeref (f ) = E Veref (f )
are the variances of
E X
ed (f ) and Veref (f ), respectively.
X
3.2. Second Stage: Noise Reduction
The second stage consists of multichannel noise reduction. The
ed (f ) and
desired signal in the frequency domain is, obviously, X
it is very important to write (3) as a function of this desired siged (f ) and X
en (f ) are coherent (i.e., they come from the
nal. Since X
same source) and the DS beamformer is a linear processing, it can
be shown that
en (f ) = γ e e (f )X
ed (f ), n = 1, 2, . . . , N,
X
Xn Xd

(8)

h
i
en (f )X
ed∗ (f )
E X
 , n = 1, 2, . . . , N

γXen Xed (f ) =
2
ed (f )
E X

(9)

3. TWO-STAGE BEAMFORMING APPROACH
where
3.1. First Stage: Dereverberation
Let F1n be a function that relates the source position to the relative
delay between microphones 1 and n (with F11 = 0). The first stage
consists of aligning the signals in such a way that the microphone
array “looks” in the direction of the source. The geometry of the
array as well as the position of the source are implicitly assumed to
be known here. Therefore, by delaying the observation signals by
F1n , (2) becomes
Yen (f )

=
=
=

Yn (f )ejf F1n

ed (f )] coherence funcis the partially normalized [with respect to X
e
e
tion between Xd (f ) and Xn (f ) and the superscript ∗ denotes complex conjugation. Using (8), we can express (3) as
ed (f ) + Ven (f ), n = 1, 2, . . . , N.
Yen (f ) = γXen Xed (f )X

jf F1n

jf F1n

Xn (f )e
+ Vn (f )e
e
e
Xn (f ) + Vn (f ), n = 1, 2, . . . , N.

(3)

It is more convenient to write the N frequency-domain aligned
microphone signals in a vector notation as
e
y(f )

We then form the classical DS beamformer in the frequency domain:
YeDS (f )

=

N
1 Xe
Yn (f )
N n=1

=

ed (f ) + Veref (f ),
X

ed (f ) = 1
X
N

en (f ) = 1
X
N
n=1

Xn (f )ejf F1n

e
x(f ) + e
v(f )
ed (f ) + e
γ e (f )X
v(f ),

(11)

e
x Xd

where
(4)

e
y(f )
superscript

N
X

=
=

where
N
X

(10)

(5)

n=1
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T

=



Ye1 (f )

Ye2 (f )

···

YeN (f )

T

,

denotes transpose of a vector or a matrix, e
x(f ) and

1 A DS beamformer is able to reduce the level of the additive noise as well,
but this reduction is often not very significant.

e
v(f ) are defined similarly to e
y(f ), and
γexXed (f )

=
=

where φXefd (f ) = φXed (f ) hH (f )γexXed (f )



···

γXe1 Xed (f ) γXe2 Xed (f )
h
i
ed∗ (f )
E e
x(f )X


2
ed (f )
E X

γXeN Xed (f )

φỸDS (f )

(12)

γeyYeDS (f )
φṼref (f )

φỸDS (f ) − φṼref (f )

γevVeref (f ),

(13)

where γeyYeDS (f ) and γevVeref (f ) are defined similarly to γexXed (f ).
Now, γexXed (f ) depends on the second-order statistics of the aligned
observation and noise signals. This expression is extremely useful in
practice, as the statistics of the noise signals can be computed during
silences as in any other noise reduction algorithm.
From (11), we easily deduce the covariance matrix of e
y(f ):
h
i
Φey (f ) = E e
y(f )e
yH (f )
=

Φex (f ) + Φev (f )

=

φXed (f )γexXed (f )γeH
v (f ),
e d (f ) + Φe
xX

(14)

where the superscript H is the transpose-conjugate hoperator andi
v(f )e
vH (f )
Φex (f ) = φXed (f )γexXed (f )γeH
v (f ) = E e
e d (f ) and Φe
xX
are the covariance matrices of e
x(f ) and e
v(f ), respectively. The
N × N matrix Φey (f ) is the sum of two other matrices: one is of
rank equal to 1 and the other one (covariance matrix of the noise) is
assumed to be full rank.
Now, multichannel noise reduction is performed by applying a
complex weight to the aligned output of each sensor and summing
across the array, i.e.,
Z(f )

=

N
X

=

Hn∗ (f )Yen (f )

hH (f )e
y(f )
e
Xfd (f ) + Vern (f ),

ed (f ),
where Z(f ) is an estimate of X

h(f ) = H1 (f ) H2 (f ) · · ·

HN (f )

(15)

T

is a filter of length N containing all the complex gains applied
efd (f ) =
to the aligned microphone outputs at frequency f , X
ed (f ) is the filtered desired signal, and Vern (f ) =
hH (f )γexXed (f )X
hH (f )e
v(f ) is the residual noise.
We then deduce the variance of Z(f ):
φZ (f )

=
=

arg min hH (f )Φev (f )h(f ) s.t. hH (f )γexXed (f ) = 1,

(17)

h(f )

for which the solution is
hMVDR (f ) =

Φe−1
e d (f )
xX
v (f )γe

−1
γeH
e d (f )
xX
e (f )Φe
v (f )γe
xX

.

(18)

Using the fact that Φex (f ) = φXed (f )γexXed (f )γeH
e d (f ), the explicit
xX
dependence of the above filter on the steering vector is eliminated to
obtain the following form:
hMVDR (f )

=

Φev−1 (f )Φey (f ) − IN


1N ,
tr Φe−1
y (f ) − N
v (f )Φe

(19)

where tr[·] denotes the trace of a square matrix, IN is the identity

T
matrix of size N × N and 1N = N1 1 1 · · · 1
of length
N.
4. PERFORMANCE MEASURES
In this section, we derive some useful performance measures that
should fit well with the two-stage beamforming approach explained
in the previous section. We can divide these performance measures
into three categories. In the first one, we should be able to evaluate
dereverberation with the DS beamformer. The second category evaluates the noise reduction performance, while the third one quantifies
speech distortion.
4.1. Dereverberation
We define the narrowband input signal-to-reverberation ratio (SRR)
as
φSe (f )
.
(20)
φX1 (f ) − φSe (f )
n
o
e )Se∗ (f ) , S(f
e ) = S(f )eif τd and τd is
where φSe (f ) = E S(f
the propagation time of the sound from the source position to the
position of microphone 1. The broadband input SRR is given by
R 1/2
φ e (f )df
−1/2 S
(21)
iSRR = R 1/2 
 .
φX1 (f ) − φSe (f ) df
−1/2
iSRR(f ) =

n=1

=

h (f )Φev (f )h(f ).
The well-known minimum variance distortionless response
(MVDR) beamformer proposed by Capon [3] is derived by minimizing the narrowband mean squared error of the residual noise,
φVern (f ), with the constraint that the desired signal is not distorted.
Mathematically, this is equivalent to

d

φỸDS (f ) − φṼref (f )
−

and φVern (f ) =

H

T

ed (f )] coherence vector
is the partially normalized [with respect to X
e
(of length N ) between Xd (f ) and e
x(f ), which can be seen as the
steering vector.
We can also express γexXed (f ) as a function of ỹ(f ) and ṽ(f ),
i.e.,
γexXed (f ) =

2

hH (f )Φey (f )h(f )
φXefd (f ) + φVern (f ),

(16)
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The narrowband output SRR is given by
oSRR(f ) =

φSe (f )
φXed (f ) − φSe (f )

and the broadband output SRR is then given by
R 1/2
φ e (f )df
−1/2 S
i .
h
oSRR = R
1/2
φXed (f ) − φSe (f ) df
−1/2

(22)

(23)

R 1/2

4.2. Noise Reduction

ξsr (h)

In this study our objective is to estimate the desired speech compoed (f ). This signal
nent at the output of the DS beamformer, i.e., X
can be regarded as a filtered version of the desired speech received
by one of the microphones. Using the first microphone as a reference
the narrowband input SNR can be defined as
iSNR(f ) =

φXed (f )
φVe1 (f )

.

φXefd (f )
φVern (f )
φXed (f ) hH (f )γexXed (f )

=

2

(25)

hH (f )Φev (f )h(f )

and the broadband output SNR
2

R 1/2
oSNR (h) =

−1/2

φXed (f ) hH (f )γexXed (f ) df

R 1/2
−1/2

hH (f )Φev (f )h(f )df

.

(26)

The noise reduction factor measures the amount of noise being
rejected by the beamformer. This quantity is defined as the ratio
of the power of the reference noise over the power of the noise remaining at the beamformer output. We define the narrowband and
broadband noise reduction factors as
ξnr [h(f )]

=

ξnr (h)

=

φVe1 (f )

,
h (f )Φev (f )h(f )
R 1/2
φ e1 (f )df
−1/2 V
.
R 1/2 H
h (f )Φev (f )h(f )df
−1/2
H

(27)

(28)

The noise reduction factor is expected to be lower bounded by 1;
otherwise, the beamformer amplifies the reference noise. The higher
the value of the noise reduction factor, the more the noise is rejected.
4.3. Speech Distortion
Since the noise is reduced by the filtering operation, so is, in general,
the desired speech. This speech reduction (or cancellation) implies,
in general, speech distortion.
The speech reduction factor, which is somewhat similar to the
noise reduction factor, is defined as the ratio of the variance of the
desired signal over the variance of the filtered desired signal. The
narrowband and broadband speech reduction factors are defined as
ξsr [h(f )]

=

−1/2

φXed (f )df
2

.

(30)

φXed (f ) hH (f )γexXed (f ) df

A key observation is that the design of beamformers that do not
cancel the desired signal requires the constraint ξsr = 1. Thus, the
speech reduction factor is equal to 1 if there is no cancellation and
expected to be greater than 1 when cancellation happens.
5. PERFORMANCE EVALUATION

To quantify the level of noise remaining at the beamformer output, we define the output SNR as the ratio of the variance of the
filtered desired signal over the variance of the residual noise. We
have the narrowband output SNR
=

R 1/2

(24)

We define the broadband input SNR as
R 1/2
φ ed (f )df
−1/2 X
iSNR = R 1/2
.
φ e1 (f )df
−1/2 V

oSNR [h(f )]

−1/2

=

1
hH (f )γexXed (f )

2,

(29)
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We now evaluate the performance of the two-stage beamfomer in a
simulated reverberant environment of size 7.5 × 9 × 6 m (length
× width × height) and a reverberation time of 600 ms. All room
impulse responses were computed using an efficient implementation
of the source-image method [16]. Circular arrays with a radius of
12.5 cm were used with either 4 or 8 microphones. The source was
placed on the rotation axis of the array and the source-array distance
rd ranges from 0.5 until 4 meters. The source signal consisted of
male and female speech with a total length of 10 minutes. The additive noise was a mixture of spatially white noise and spherically
isotropic (diffuse) noise (generated using [17]) with a constant input
SNR of 35 and 5 dB, respectively. Monte Carlo simulations were
conducted (in total 50 trials per source-array distance) by translating
and rotating the source-array configuration in the room.
The processing was done at 8 kHz in the short-time Fourier
transform domain with a window length of 256 ms and the overlap
between successive time frames was 50%. In practice the covariance matrix Φṽ can be estimated for each time-frequency bin when
the desired source is inactive. In this study we have used the signal
vector ṽ directly in order to put aside the influence of a voice activity detector. The covariance matrixes Φỹ and Φṽ were estimated
recursively using ỹ and ṽ with a weighting factor of 0.98 that was
determined experimentally. In this study we assume the direction of
arrival is known such that the signals can be properly time-aligned. It
is important to note that the proposed approach will not suffer from
any signal cancellation if the microphone signals are not correctly
time aligned. Instead, only the desired signal will be defined differently. For the second stage we have used the beamformer given in
(18). In addition, (13) was used to compute γexXed , where γeyYeDS and
γevVeref were computed using Φỹ , Φṽ , φṼref and φỸDS .
In Fig. 1 the results for the broadband performance measures
defined in Section 4 are given. The performance measures were
computed per frame and then averaged across the frames and subsequently averaged across the Monte Carlo trials. The SRR and
SNR measures were averaged in the log domain while the speech
reduction factor was averaged in the linear domain. In Fig. 1a the
input and output SRRs are depicted. As expected both values decrease monotonically with increasing source-array distance. While
the reverberation reduction in terms of the SRR for N = 8 is only
around 2 dB larger compared to N = 4, there is a noticeable perceptual improvement that is not illustrated by this measure. It should
be noted that when the source-array distance is smaller than the critical distance the variance of the desired source increases when the
source-array distance decreases. Because the input SNR is kept constant the noise variance increases when the variance of the desired
source increases. In Fig. 1b the SNR improvement (oSNR - iSNR)
is shown for the DS beamformer (dashed line) and for the MVDR
beamformer that jointly reduces reverberation and noise (solid line).
The SNR at the output of the DS is shown to be independent of the
source-array distance. It is extremely interesting to see that SNR
improvement of the MVDR beamformer increases when the SRR

(a)
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oSNR − iSNR (dB)

15

10

DS (N=4)
DS (N=8)
MVDR (N=4)
MVDR (N=8)

5

0
0.5

1

1.5

2
2.5
Source−Array Distance (m)

3

3.5

4

Speech Reduction Factor (dB)

(c)
1
N=4
N=8
0.5

0

−0.5

−1
0.5

1

1.5

2
2.5
Source−Array Distance (m)

3

3.5

4

Fig. 1. Performance measures for different source-array distances rd
and a constant input SNR. The results for N = 4 are denoted by a
square and the results for N = 8 by a triangle. In the center the SNR
improvement is shown for the output of the DS beamformer (dashed
line) and for the output of the MVDR beamformer (solid line).
decreases, and that the output SNR reaches its asymptotic maximum when the SRR reaches its asymptotic minimum. In Fig. 1c
it is shown that the speech reduction factor is close to zero dB for all
distances and number of microphones. Hence, the desired speech at
the output of the noise reduction stage is equal to the desired speech
component at the output of the DS beamformer.
6. CONCLUSIONS
Recently, various beamformers were designed to estimate the desired
speech as received by one of the microphones. While these allow for
a high noise reduction and low speech distortion they do not provide the possibility to dereverberate the speech signal. In this work,
a two-stage beamformer was proposed that allows for joint dereverberation and noise reduction. The performance evaluation showed
that both dereverberation and noise reduction can be achieved with
little speech distortion.
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