
1154 Yang et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(12):1154-1163

Journal of Zhejiang University-SCIENCE C (Computers & Electronics)

ISSN 1869-1951 (Print); ISSN 1869-196X (Online)

www.zju.edu.cn/jzus; www.springerlink.com

E-mail: jzus@zju.edu.cn

Speech enhancementwith aGSC-like structure

employing sparse coding∗

Li-chun YANG1,2, Yun-tao QIAN‡1

(1College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China)

(2Intelligent Control Research Institute, Zhejiang Wanli University, Ningbo 315101, China)

E-mail: lichun_y@126.com; ytqian@zju.edu.cn

Received Mar. 9, 2014; Revision accepted Aug. 5, 2014; Crosschecked Nov. 9, 2014

Abstract: Speech communication is often influenced by various types of interfering signals. To improve the quality
of the desired signal, a generalized sidelobe canceller (GSC), which uses a reference signal to estimate the interfering
signal, is attracting attention of researchers. However, the interference suppression of GSC is limited since a little
residual desired signal leaks into the reference signal. To overcome this problem, we use sparse coding to suppress the
residual desired signal while preserving the reference signal. Sparse coding with the learned dictionary is usually used
to reconstruct the desired signal. As the training samples of a desired signal for dictionary learning are not observable
in the real environment, the reconstructed desired signal may contain a lot of residual interfering signal. In contrast,
the training samples of the interfering signal during the absence of the desired signal for interferer dictionary learning
can be achieved through voice activity detection (VAD). Since the reference signal of an interfering signal is coherent
to the interferer dictionary, it can be well restructured by sparse coding, while the residual desired signal will be
removed. The performance of GSC will be improved since the estimate of the interfering signal with the proposed
reference signal is more accurate than ever. Simulation and experiments on a real acoustic environment show that
our proposed method is effective in suppressing interfering signals.
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Sparse coding
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1 Introduction

Speech communication applications like mobile
phone, teleconferencing, and network communica-
tion are often corrupted by an interfering signal, such
as music and babble, which will cause severe degra-
dation of the intelligibility and fidelity of the desired
signal. The aim of speech enhancement is to suppress
the interfering signal while preserving the desired sig-
nal. As an interference is usually a non-stationary
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signal, speech enhancement by using the interfering
signal of segments of the desired signal inactivity to
estimate the interference of segments of the desired
signal activity will be limited.

To deal with the suppression of a non-stationary
interfering signal, a microphone arrays based gener-
alized sidelobe canceller (GSC) (Griffiths and Jim,
1982) using an adaptive filter to estimate the inter-
ference can work well in theory. The reference signal
used in the adaptive filter can be achieved by a block-
ing matrix. GSC is usually using time delay compen-
sation to block the desired signal. Thus, the position
of the desired source should be estimated. Since the
error in time difference of arrival (TDOA) exists in
the real acoustic environment, a little desired signal
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will leak into the reference signal. To avoid distortion
of the desired signal, we should stop updating the
weight of the adaptive filter when the desired signal
exists. The adaptive blocking matrix (ABM) in the
time domain (Hoshuyama et al., 1999) or frequency
domain (Herbordt and Kellermann, 2001) has been
used to deal with the leakage of the desired signal.
However, the adaptive blocking matrix cannot re-
duce the leakage in the real acoustic environment
due to reverberation.

In the reverberation environment, the blocking
matrix with acoustic impulse responses (AIRs) can
be more effective in blocking the desired signal than
that uses delay and attenuation of the desired signal
only. Since the desired source AIRs are unknown in
practice, the transfer function ratios (TFRs) (Gan-
not et al., 2001; Talmon et al., 2009; Krueger et
al., 2011) were introduced for the blocking matrix.
As the impulse response may reach several thousand
taps in the reverberant environment, the TFR esti-
mation is not very accurate, which will lead to the
leakage of the desired signal into the reference signal.

In recent years, sparse coding with the dictio-
nary of the desired signal has been introduced into
the speech enhancement area, which can avoid di-
rect estimation of the interfering signal. The dic-
tionary is a collection of the finite basis functions
that are coherent to the structured component of a
signal (Rebollo-Neira, 2004; Gribonval and Schnass,
2008). As non-random signals (speech, music, bab-
ble, etc.) contain structured components (Plumbley
et al., 2010; Sigg et al., 2012) and the signal struc-
ture is relatively stable, we can use a dictionary to
encode the corresponding signal, while the other sig-
nal cannot be represented by the same dictionary.
So, the interference is avoided by sparse coding. The
dictionary includes a predefined dictionary and the
learned dictionary. The predefined dictionary, such
as wavelets, Fourier transform, and discrete cosine
transform, is a general signal dictionary in which
structured components of different signals are diffi-
cult to distinguish; thus, it may not work well in
sparse coding.

On the other hand, the learned dictionary is co-
herent to the structured component of a specified
signal while incoherent or less coherent to the struc-
tured components of other signals. So, the learned
dictionary can work well in sparse coding (Elad and
Aharon, 2006). The dictionary learning algorithm

(Aharon and Elad, 2006; Engan et al., 2007; Mairal
et al., 2010; Skretting and Engan, 2010) uses the
training samples of a specific signal to obtain the
dictionary matrix. Each column of the dictionary
matrix is a basis vector (also called ‘atom’). A signal
can be well approximated by the linear combination
of a few atoms of the learned dictionary, while other
signals cannot be represented by the same atoms. So,
the signal can be sparsely reconstructed effectively,
while other signals will be suppressed (Gemmeke and
Cranen, 2009; He et al., 2012).

Thus, one of the most important factors for
sparse coding is to build a learned dictionary of the
desired signal. However, in a real acoustic environ-
ment, it is difficult to obtain the training samples of
a desired signal for dictionary learning, so interfer-
ence suppression is limited. As the desired signal has
some pauses in practice, the interfering signal used
for dictionary learning can be achieved during the
segments of the desired signal inactivity and then
the learned dictionary of interfering signal can be
obtained. As a signal dictionary is relatively stable,
the interferer dictionaries of adjacent segments of the
desired signal activity are almost the same.

Inspired by this, we present a GSC-like method
based on sparse coding for speech enhancement. To
obtain the interferer dictionary, the training samples
for dictionary learning are achieved by the voice ac-
tivity detection (VAD) algorithm. At the same time,
the blocking matrix based on TFRs is used to block
the desired signal. Then the residual desired signal
that leaks into the reference signal is further sup-
pressed by sparse coding. Finally, the signal of GSC
output is achieved by an adaptive filter algorithm to
estimate the original interfering signal.

We use online dictionary learning (ODL)
(Mairal et al., 2010) to obtain the interferer dic-
tionary. To ensure that the dictionary meets the
varying structured components of a signal, dictio-
nary learning should be peformed at each segment
of the desired signal pauses. On the other hand, to
achieve the training samples for interferer dictionary
learning, we suppose that the first frame signal does
not contain the desired signal.

2 Generalized sidelobe canceller

GSC, first proposed by Griffiths and Jim (1982),
is an important speech enhancement method. Fig. 1
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shows that GSC consists of three blocks. The upper
branch is a fixed beamformer (FBF) block, which is
usually achieved by the delay-and-sum beamformer
(DSB). The aim of the fixed beamformer is to form
an undistorted desired direction signal while sup-
pressing other direction signals. The blocking ma-
trix (BM) block and adaptive noise canceller (ANC)
block lie in the lower branch. The blocking matrix
is used to block the desired signal to form a refer-
ence signal, which is used in ANC to estimate the
interfering signal. The adaptive noise canceller is
an unstrained adaptive algorithm to suppress the re-
maining interfering signal of the fixed beamformer
output.
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Fig. 1 Structure of the generalized sidelobe canceller
(GSC)

2.1 Signal model

Suppose the interfering signal is uncorrelated to
the desired signal. The received signal of each micro-
phone should be a convolution of impulse response
functions of the array element and the desired sig-
nal. The impulse response is formed by the desired
source propagation attenuation process, which leads
to a large number of echoes due to reflections of the
wavefront from walls, ceilings, floors, and other ob-
jects in the room. Considering a linear array with M

omnidirectional microphones, the received signal of
the ith microphone of the array can be represented
as

yi(t) = ai ∗ s(t) + ni(t), i = 1, 2, · · · ,M, (1)

where ai is a transfer function from the desired
speech source to the ith microphone, s(t) is a de-
sired signal, ni(t) is an interfering signal, and ‘*’
denotes the convolution operator. Applying a short-
time Fourier transform (STFT) to both sides, Eq. (1)
can be expressed in the frequency domain as

yi(ω, k) = ais(ω, k) + ni(ω, k), i = 1, 2, · · · ,M,

(2)
where ω is the frequency bin index and k is the frame
index.

2.2 Fixed beamformer

The fixed beamformer of GSC is designed to
enhance the desired direction gain and suppress the
other direction signal. To meet the requirements, the
received desired signal of each microphone should be
the same at the same time. Both sides of Eq. (2) are
multiplied by a1/ai (i = 1, 2, . . . ,M):

a1

ai
yi(ω, k) = a1s(ω, k)+

a1

ai
ni(ω, k), i = 1, 2, . . . ,M,

(3)
where a1/ai (i = 1, 2, . . . ,M) is a transfer func-
tion ratio of different microphones to the first mi-
crophone. We suppose that the statistics of the in-
terfering signal is slowly changing compared with the
statistics of the desired signal. The transfer function
ratios can be approximated by (Gannot et al., 2001)

ai

a1
(ω, k) ≈ 〈py1y1

(ω, k)pyiy1
(ω, k)〉

〈p2
y1y1

(ω, k)〉 − 〈py1y1
(ω, k)〉2

− 〈py1y1
(ω, k)〉〈pymy1

(ω, k)〉
〈p2

y1y1
(ω, k)〉 − 〈py1y1

(ω, k)〉2 ,

i = 1, 2, · · · ,M,

(4)

where pymyn
(·) denotes the cross power spectral den-

sity (CPSD) function of two signals ym and yn,
pymyn

(·) is the power spectral density (PSD) func-
tion of a signal when m = n, and 〈·〉 represents the
average operation.

The fixed beamformer output is

yFBF(ω, k) = a1s(ω, k) +
1

M

M∑

i=1

a1

ai
ni(ω, k). (5)

2.3 Blocking matrix

From Eq. (2), we can find that the difference in
the desired signal from each microphone is an im-
pulse response. So, the blocking matrix B can be
constructed by the transfer function ratio as

B =

⎡

⎢⎢⎢⎣

−a2/a1 I 0 · · · 0
−a3/a1 0 I · · · 0

...
...

...
...

−aM/a1 0 0 · · · I

⎤

⎥⎥⎥⎦. (6)

Thus, the reference signal nref in the frequency do-
main is

nref = yBT =

M∑

i=2

ni(ω, k)−
M∑

i=2

ai

a1
n1(ω, k), (7)
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where y = [y1, y2, · · · , yM ], and ai/a1 is a transfer
function ratio. The amount of the desired signal
leaked into nref depends on the estimated accuracy of
the transfer function ratios. As mentioned before, it
is difficult to estimate accuracy since the duration of
the impulse response is very long in the reverberant
environment.

2.4 Adaptive noise canceller

The adaptive noise canceller uses the reference
signal to estimate the interfering signal of the fixed
beamformer output. The main concerns of the adap-
tive noise canceller are computational complexity
and convergence. Normalized least mean square
(NLMS) based algorithms in the time domain are
widely used due to their low computational com-
plexity and fine convergence. However, in the low
signal-to-noise ratio (SNR) or reverberation environ-
ment, the convergence performance of NLMS is very
poor. Thus, we propose an NLMS algorithm in the
frequency domain, which has better convergence per-
formance and lower computational complexity than
its counterpart (Avargel and Cohen, 2008).

3 GSC with sparse coding

To reduce the residual desired signal component
in the reference signal, we use sparse coding for GSC
to improve the reference signal. Fig. 2 shows the
proposed structure of GSC.
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Fig. 2 Structure of the proposed method

Compared with traditional GSC structure, the
proposed structure includes the dictionary learning
(DL) block to obtain interferer dictionary and a
sparse coding (SC) block to suppress the residual de-
sired signal that leaks into the reference signal. Then
the weight of an adaptive filter can track the interfer-
ing signal changes in segments of speech activity to
achieve better speech enhancement than that using
the blocking matrix only.

3.1 Dictionary learning

The aim of dictionary learning is to obtain a
signal dictionary that is coherent to its structured
component, and the dictionary is incoherent or of lit-
tle coherence to the structured components of other
signals. For this purpose, the training samples of
dictionary learning should be a part of the signal or
coherent in itself. Meanwhile, the training samples
do not contain any other signal. In a real commu-
nication environment, the desired signal dictionary
is difficult to achieve since the training samples of a
clean desired signal for dictionary learning are never
directly observable. As the interfering signal can be
obtained in the segments of the desired signal inac-
tivity, the interferer dictionary that can be used to
suppress the leakage of the desired signal into the
reference signal by sparse coding is relatively easy to
obtain. Obviously, a reference signal with little de-
sired speech leakage is effective in improving speech
enhancement.

In addition, in order to use a part of the atoms
of a dictionary to code the interfering signal, the
dictionary for sparse coding should be an overcom-
plete dictionary (or called a ‘redundant dictionary’).
That is to say, the number of atoms of the dictionary
is larger than the length of the signal frame. The de-
sired signal that leaks into the reference signal can-
not be represented by a few atoms in the interferer
dictionary. Then the residual desired signal will be
suppressed in the reconstructed signal.

As shown in Fig. 2, the interfering signal vector
for dictionary learning, which comes from the seg-
ments of the desired signal inactivity of the FBF out-
put, can be expressed as x = [x1, x2, . . . , xn], where
n is the length of a signal frame. If a dictionary is
known, the interfering signal can be reconstructed as

x ≈ Dwl, (8)

where wl is a vector of the dictionary coefficient with
m elements, denoting the weights of each atom in
sparse coding. Then Eq. (8) should meet the follow-
ing constraint:

argmin
D,w

||x−Dwl||2F, (9)

where || · ||F denotes the Frobenius norm (usually the
�2 norm), and dictionary D is an n×m matrix.

There are some optimization methods for con-
straint (9), such as the method of optimized direc-
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tions (MOD), iterative least squares dictionary learn-
ing algorithm (ILS-DLA) (Engan et al., 2007), K-
SVD (Aharon and Elad, 2006), ODL (Mairal et al.,
2010), and recursive least squares dictionary learning
algorithm (RLS-DLA) (Skretting and Engan, 2010).
Because the interferer dictionary should be dynam-
ically achieved in real time, we need a dictionary
learning with low computation complexity to dynam-
ically process a new vector of training samples. As
ODL can process the new training vector continu-
ously to realize dictionary update with low computa-
tion complexity, in this study we use ODL to obtain
the interferer dictionary, in order to meet real-time
requirements.

For an overcomplete dictionary, we let m > n in
constraint (9) to ensure that the dictionary atoms are
redundant. To obtain a sparse solution for dictionary
coefficient wl, we need to use a sparse constraint
on wl in constraint (9). As �1 norm regularization
yields a sparse solution, constraint (9) can be further
rewritten as

argmin
D,wl

(
||x−Dwl||22 + λ′||wl||1

)
, (10)

where λ′ is the regularization constraint coefficient.
For dictionary matrix D = [d1,d2, · · · ,dm] and its
coefficient vector wl = [wl1, wl2, · · · , wlm], we can
rewrite expression (10) as

min
D∈R

n×m

wl∈R
m×1

1

n

n∑

i=1

(
1

2
‖Dwli − xi‖22 + λ

′‖wli‖1
)

s.t. ∀j = 1, 2, . . . , k, dT
j dj ≤ 1, (11)

where dT
j dj ≤ 1 is a constraint to avoid the dictio-

nary coefficient being too small. We can obtain the
sparse solution via applying the �1 norm constraint
on wli. wl is convex when D is fixed, and vice versa.
Therefore, the optimization algorithm is an alter-
nating iterative method for the dictionary and its
coefficient. In each iteration, we fix the dictionary
D to optimize the dictionary coefficient wl, and then
fix wl to update D. More details of the ODL method
can be found in Mairal et al. (2010).

3.2 Sparse coding

Since the dictionary of a desired signal is diffi-
cult to achieve directly, we do not use sparse coding
for speech enhancement, but use sparse coding with
the interferer dictionary to reconstruct the reference

signal. As the reconstructed reference signal contains
little residual desired signal, the weight of the adap-
tive filter can track the interfering signal changes in
the segments of speech activity to improve speech
enhancement.

As the interfering signal component of the FBF
output is coherent to the reference signal compo-
nent, the interferer dictionary is also coherent to the
structured component of the reference signal. For an
overcomplete interferer dictionary, a few atoms of it
can be used to correct the code of the reference sig-
nal, and the other signals will be suppressed because
they cannot be represented by the same atoms in the
dictionary.

Suppose the frame length of a signal is m and
define z as a vector with m samples of the refer-
ence signal. The corresponding coefficient vector w
and the reference signal z in the interferer dictionary
satisfy

ŵ = argmin
w

(
1

2
||Dw− z||22 + λ||w||1

)
, (12)

where D is an overcomplete dictionary composed of
basis vectors of the interfering signal, and λ is a reg-
ularization parameter which controls the degree of
sparsity in vector w. The second item of Eq. (12)
is �1 norm for sparsity constraints on the coefficient
vector w. In Eq. (12), as D is an overcomplete dic-
tionary, the optimal solution ŵ which uses the �1
norm constraint can ensure that ŵ is sparse and can
maximize the recovery of the corresponding signal.
The output signal of sparse reconstruction z̃ is

z̃ = Dw̃. (13)

Eq. (12) is a special case of sparse representation

argmin
w

(f(w) + λ‖w‖1) , (14)

where f(·) is a smooth convex loss function. The
optimization problem (14) can be solved by the ac-
celerated proximal gradient method. It is an itera-
tive algorithm and can be summarized as Algorithm
1 (Wright et al., 2009).

3.3 Speech enhancement

In the GSC structure, the adaptive filter uses
the reference signal to estimate the interfering signal.
The estimated interfering signal is then subtracted
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Algorithm 1 Accelerated proximal gradient method
for sparse coding
Require:

Loss function f(·),
Regularization parameter λ,
Initial affine combination parameter β0,
Initial coefficient vector w0,
Convergence threshold τ .

Ensure:
Vector of coefficients w∗.
Steps:

1: Repeat
2: Calculate the search point via an affine combination

method:
v(k) = w(k) + β(k)(w(k) −w(k−1));

3: Calculate the next gradient descent point u(k+1) with
an adaptive step size t(k) :

u(k+1) = v(k) − t(k)∇f(v(k));
4: Calculate the next vector of coefficients using the

proximal operator w(k+1):
w(k+1) = argmin

w

(
1
2
‖w− u(k+1)‖22 + t(k)λ‖w‖1

)
;

5: Update t(k+1) and β(k+1) for the next iteration;
6: k← k + 1;
7: Until ‖w(k+1) −w(k)‖2 ≤ τ

8: Return w∗ = w(k+1);

from FBF output for speech enhancement. The ref-
erence signal is obtained through using BM to block
the desired signal in a noisy signal which is received
by microphone arrays. Since the real acoustic en-
vironment of communication applications is usually
affected by reverberation, the reference signal con-
tains a little desired signal due to leakage. Then the
weight of an adaptive filter cannot actively track the
interfering signal changes in the segments of the de-
sired signal, and the interference suppression of GSC
will be limited.

To reduce the leakage in the reference signal, we
use sparse coding to further suppress the residual de-
sired signal that leaks into the reference signal. The
training samples for dictionary learning come from
the segments of the desired signal inactivity of FBF
output. The VAD algorithm (Sohn et al., 1999; Es-
haghi and Karami Mollaei, 2010; Tanyer and Ozer,
2000) is employed to obtain the segments of the de-
sired signal inactivity. As the interferer dictionary is
also coherent to the structured component of the ref-
erence signal of the interference, the reference signal
will be preserved, while the desired signal that leaks
into the reference signal will be suppressed by sparse
coding.

The FBF output is achieved by resolving Eq. (5)
and the BM is achieved by resolving Eq. (6). Af-
ter sparse coding for the reference signal, the NLMS
in the frequency domain (Avargel and Cohen, 2008)
will be employed to suppress the interference of FBF
output.

4 Experiments

The performance of the proposed algorithm has
been evaluated in both simulation and the real acous-
tic environment. The desired speech and the inter-
fering signals come from the TIMIT database and
NOISE-92 database respectively, and are downsam-
pled to 16 kHz in all experiments. GSC (Griffiths and
Jim, 1982) and TF-GSC (Krueger et al., 2011) meth-
ods are used for comparison. The training samples
for interferer dictionary learning come from the seg-
ments of the desired speech pauses in the fixed beam-
former output. The VAD algorithm based on wavelet
transform (Eshaghi and Karami Mollaei, 2010) is
used to obtain the segments. The analysis window
of STFT is a 256-point Hamming window with 50%
overlap. The size of the overcomplete dictionary is
512 and each atom is a vector with 256 elements.
The regularization parameter λ for the sparse con-
straint in Eq. (12) is set to 0.1. The microphone
array is a uniform linear array composed of four om-
nidirectional microphones, and the distance between
adjacent microphones is set to 4 cm. In addition, we
suppose that the noisy signal does not contain the
desired speech in the first frame, in order to obtain
the interferer dictionary by dictionary learning.

4.1 Simulation environment

The Habets method (Habets, 2010) is used to
achieve the simulated acoustic impulse responses in
the following. The simulation room is 3 m × 6 m
× 2.8 m and the of four microphones are located at
(1.44, 2.5, 1.6), (1.48, 2.5, 1.6), (1.52, 2.5, 1.6), and
(1.56, 2.5, 1.6), respectively. The desired source is
located at (1.49, 3.0, 1.6) and the interference source
at (2.5, 3.5, 1.6). The reverberation time (RT_60)
is 200 ms. Fig. 3 shows the relative position of the
arrays and signal sources.

In the first experiment, the spectrograms in the
frequency domain and the waveforms in the time
domain are used to demonstrate the ability of non-
stationary interference suppression of the proposed
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Fig. 3 The positional relationship among the arrays,
desired source, and interference source

method. Without loss of generality, we choose music
signal as the interference source. Figs. 4a–4i are
the spectrograms and waveforms of the clean desired
speech, interference, noisy signal, reference signal,
and enhanced signal obtained by different methods,
respectively. Comparing Figs. 4d, 4e, and 4f, we
can easily find that a small component of the desired
speech exists in the reference signal in Figs. 4d and
4e, while the proposed reference signal in Fig. 4f has a
small component of the desired speech. This demon-
strates that by using sparse coding our method can
obtain a better reference signal than those using only
the blocking matrix. Figs. 4g–4i show that the en-
hanced signal obtained by the proposed method has
fewer interfering components than the enhanced sig-
nal obtained by its counterpart.

The results of different enhanced signals illus-
trate that the less the desired signal that leaks into
the reference signal, the more the interference cancel-
lation that will be obtained. In addition, comparison
of Figs. 4a and 4i shows that the enhanced signal ob-
tained using the proposed method has no obvious
distortion.

In the second experiment, to suppress the non-
random signal we use SNR as a metric to test the
ability of our method. The results of different algo-
rithms at different SNR levels are shown in Fig. 5.
SNR is defined as

SNR = 10lg
p(x)

p(n)
, (15)

where function p(·) is the PSD of a signal. The PSD
of the interfering signal for the output SNR is esti-
mated via the minimum statistics method (Martin,
2001; 2006) and then the PSD of the desired speech

can be obtained.
Fig. 5 shows that our proposed algorithm can

improve the SNR by about 15 dB on average at differ-
ent SNR levels and the SNR improvement achieved
by our method is higher than that obtained by the
other two algorithms.

To evaluate the effect of random signal suppres-
sion, we use white noise (Gaussian noise) as the in-
terfering source in the third experiment. The SNR
improvements at different SNR levels are shown in
Fig. 6. Although white noise is not sparse with
respect to any fixed dictionary (Kowalski and Tor-
résani, 2008; Rauhut et al., 2008), most of reference
signal components of white noise will be preserved
by sparse coding with the learned dictionary in the
reconstructed signal. Meanwhile, the desired speech
component that leaks into the reference signal is still
incoherent to the learned dictionary and will be sup-
pressed by sparse coding. Then the reconstructed
reference signal with a small residual speech com-
ponent used in an adaptive filter can achieve the
estimate of the white noise. Fig. 6 shows that in
the white noise environment the SNR improvement
achieved by the proposed method is about 2 dB and
5 dB higher than the TF-GSC and GSC algorithms,
respectively.

In the last experiment, we use the perceptual
evaluation of speech quality mean opinion score
(PESQ MOS), a standard of wideband audio (ITU,
2007), to evaluate the ability of different speech en-
hancement algorithms. The higher the PESQ MOS,
the better the quality of the desired speech signal
achieved by the speech enhancement algorithm.

We use babble, music, car, factory, and white
noise as background interference, respectively. To
compare the effect of different interference suppres-
sions, an input SNR level of 1 dB is employed in each
interference environment. The results of PESQ MOS
are shown in Table 1.

Table 1 shows that the PESQ MOS results of
our algorithm for different interfering signals are bet-
ter than those of the other two speech enhancement
algorithms.

4.2 Real acoustic environment

The microphone array is a uniform linear array
composed of four silicon micro omnidirectional mi-
crophones. We use DAR-2000 digital signal acqui-
sition of Quanzhou Hengtong Technology for audio



Yang et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(12):1154-1163 1161

(a)

(c)

(e)

(g)

(i)

(b)

(d)

(f)

(h)

Fig. 4 Spectrogram and waveform of the desired
speech signal (a), music signal (b), and noisy sig-
nal (c) received at the first microphone; Spectrogram
and waveform of the reference signal at the output
of GSC (d), TF-GSC (e), and the proposed method
(f); Spectrogram and waveform of the enhanced sig-
nal obtained using GSC (g), TF-GSC (h), and the
proposed method (i)
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Fig. 5 SNR improvement of the competing algorithms
in a music interference environment
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Fig. 6 SNR improvement of the competing algorithms
in a white noise environment

Table 1 PESQ MOS results for the three algorithms

Method
PESQ MOS

Babble Car Factory Music White noise

GSC 1.72 2.65 1.83 2.00 2.08
TF-GSC 2.34 3.21 2.73 2.84 3.35
Proposed 3.03 3.81 3.40 3.52 3.76

capturing and the sampling rate is set to 16 kHz.
We choose a 6 m × 5 m × 3 m laboratory as the
experimental environment. The desired source is lo-
cated at a distance of about 50 cm to the front of
the array, and the interference source is located at
a distance of about 1 m to the left front of the ar-
ray. We use babble, car, factory, music, and white
noise as background interfering signals respectively,
and the results for the different speech enhancement
algorithms are shown in Table 2.

Table 2 shows that the proposed algorithm is
better than the other two algorithms for different
interference suppressions in the real environment.
This further proves that GSC with sparse coding is
reliable.

Table 2 SNR results for the three algorithms

Signal Input
SNR (dB)

GSC TF-GSC Proposed

Babble 0.50 4.69 9.12 13.93
Car 4.35 13.38 16.06 21.51
Factory –6.12 1.01 4.36 10.15
Music –3.83 2.19 6.35 11.56
White noise –1.79 6.40 11.02 15.91

5 Conclusions

In this paper, speech enhancement based on
GSC-like structure with sparse coding is proposed for
communication applications. For reference signal,
we use sparse coding with the interferer dictionary
to reduce the residual desired signal. An adaptive fil-
ter with improved reference signal can suppress the
interfering signal effectively. The training samples
for interferer dictionary learning come from the seg-
ments of the desired signal inactivity. Since the in-
terferer dictionary is coherent to the structured com-
ponent of the reference signal and of little coherence
to the structured component of the desired signal,
the residual desired signal can be reduced by sparse
coding. Simulation and experiments in the real envi-
ronment demonstrate that our algorithm works well
in different interference environments.
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