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This paper describes an algorithm to suppress 
composite noise in a two-microphone speech enhancement 
system for robust hands-free speech communication. The 
proposed algorithm has four stages. The first stage 
estimates the power spectral density of the residual 
stationary noise, which is based on the detection of 
nonstationary signal-dominant time-frequency bins 
(TFBs) at the generalized sidelobe canceller output. 
Second, speech-dominant TFBs are identified among the 
previously detected nonstationary signal-dominant TFBs, 
and power spectral densities of speech and residual 
nonstationary noise are estimated. In the final stage, the 
bin-wise output signal-to-noise ratio is obtained with these 
power estimates and a Wiener post-filter is constructed  
to attenuate the residual noise. Compared to the 
conventional beamforming and post-filter algorithms, the 
proposed speech enhancement algorithm shows 
significant performance improvement in terms of 
perceptual evaluation of speech quality. 
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I. Introduction 

Currently, there is an increasing trend for in-vehicle hands-
free applications to be offered as standard in cars intended   
for Korean consumers. Such applications require hands-free 
speech communication; thus, among their many functions, the 
ability to perform high-quality speech communication is of the 
utmost importance. The present state of speech enhancement 
technology for speech communication permits a driver (the 
desired speech source) of a vehicle to control an in-vehicle 
hands-free application via voice commands. For example, a 
driver is able to select a song or make a phone call (from such 
an in-vehicle hands-free application) via a voice command. 
However, in real environments, a desired speech signal may be 
interfered with; for example, by the voice of a person other 
than the driver (from within the vehicle) or by the vehicle’s  
air-conditioning system. In this situation, we assume that a 
background noise signal, such as that from the vehicle’s engine 
or air-conditioning system, is stationary, and an interference 
noise signal, such as that from the voice of a person other than 
the driver, is nonstationary. That is, both the mean and power 
of a background noise signal are unchanging or very slowly 
changing over time, whereas those of the interference noise 
signal are rapidly changing. 

To cope with acoustic noise, various signal processing 
techniques have been investigated over the past several 
decades. A single-channel technique is only able to exploit a 
received signal’s spectral characteristics [1], [2]. A multi-
microphone technique allows the additional use of spatial 
information [3], [4].   
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Fig. 1. Block diagram of proposed two-microphone speech
enhancement. 
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A beamforming approach provides robust noise suppression 
performance by generating a distortionless beam toward a 
desired speech source while forming a null beam toward the 
interference noise source. Many beamforming techniques 
involve the generalized sidelobe canceller (GSC) algorithm of 
Griffiths and Jim [5]. As shown in Fig. 1, the GSC process is 
composed of three parts: a fixed beamformer (FBF) forms a 
beam in the look direction so that a desired speech signal is 
passed and all other signals are attenuated. A blocking matrix 
(BM) is applied to the input microphone signal to compute  
an estimate for a noise reference signal by blocking the 
components of a desired speech signal. The noise references at 
its output drive an adaptive noise canceller (ANC) whose 
coefficients are adapted to suppress the noise in the FBF output. 
However, the construction of the BM requires perfect 
knowledge of the direction of arrival of the desired speech 
signal for the time alignment of the microphone signals [6], [7]. 
Estimation errors in the direction of arrival and reflections of 
signals by objects and walls cause leakage of the desired 
speech signal into noise references, resulting in signal 
cancellation in the beamformer output.  

This limitation was addressed by a transfer function–based 
GSC (TF-GSC) algorithm that specifies the FBF and BM by 
using relative transfer functions (RTFs) [8], [9]. It was also 
claimed that a BM containing RTFs from a source to individual 
microphones is sufficient to block a desired speech signal. 
Moreover, an FBF prevents the components of a desired 
speech signal from being distorted.  

Recently, a pre-filtering algorithm for GSC (PF-GSC) has 
been developed to suppress both stationary and nonstationary 
noise by estimating RTFs along the acoustic paths from the 
interference noise to the microphones, and the power of the 
components of any background noise [10]. However, even if 
the RTFs are optimal, these algorithms always suffer from an 
inability to attenuate any residual noise, since reverberation in 
real environments is always lower than that of any coherence 
that exists within the residual noise. The RTFs alone do not 
produce a considerable improvement; thus, an additional post-
filter is normally required to reduce any residual noise. 

There have been several attempts to include post-filters in the 
noise suppression process to reduce any residual noise; for 
example, a general expression of a post-filter, based on an 
assumed knowledge of the complex coherence function of the 
noise field, thereby improving noise suppression performance 
by eliminating residual noise at the beamformer output [11], 
[12]. However, since the algorithms of [11] and [12] only 
depend on the stationariness of input noise signals, the post-
filter degrades residual noise suppression performance in a 
nonstationary noise environment.  

By assuming that a desired speech signal dominates over any 
interference and that W-disjoint orthogonality (WDO) exists 
between any speech and nonstationary noise [13], a time-
frequency binary masking (TF-BM)–based method has the 
ability to distinguish time-frequency bins (TFBs) [14]. However, 
since a TF-BM proceeds by making some specific assumptions, 
it cannot be directly applied in a stationary noise environment. 
Consequently, conventional approaches such as beamforming 
and post-filtering have to apply a unique assumption with respect 
to noise characteristics. Therefore, it is difficult to handle 
composite noise that includes both stationary and nonstationary 
noise. To mitigate the difficulty in such a case, we propose the 
novel approach of combining a spectral classification–based 
Wiener post-filter within a GSC, which maintains the advantages 
of both the TF-BM algorithm and the GSC algorithm. The 
proposed algorithm introduces an effective power spectral 
density (PSD) estimation method of residual stationary noise, 
which is based on the detection of nonstationary signal-dominant 
TFBs (NTFBs) by using a spectral correlation between adjacent 
frequencies at the GSC output. Subsequently, speech-dominant 
TFBs are identified among the previously detected NTFBs by 
examining the power ratio between the GSC output and the BM 
output, and PSDs of speech and residual nonstationary noise are 
estimated. This idea is developed under a WDO assumption 
between any speech and nonstationary noise [13]. Finally, a bin-
wise output signal-to-noise ratio (SNR) calculated from the PSD 
estimates is applied to a Wiener post-filter, which in turn 
attenuates any residual noise.  

The remainder of this paper is organized as follows.  
Section II formulates the problem to be addressed. Section ІІІ 
provides a review of the power spectral classification model 
[13], from which the proposed post-filter is based. Section IV 
presents the proposed algorithm. Section V describes relevant 
experimental results along with discussions to validate the 
advantages of the proposed post-filter. Finally, conclusions are 
given in Section VI. 

II. Problem Formulation 

For application in mobile devices, a multiple-microphone 
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noise suppression approach is required to be computationally 
efficient and easily installable. Generally, the noise suppression 
performance of such an approach increases as the number of 
microphones used increases. However, the ideal of having a 
large number of input microphones is difficult to implement in 
practice in mobile devices, due to the high computational 
burden associated with such an approach. Consequently, two-
microphone speech enhancement is often the upper limit for 
practical approaches to mobile hands-free speech communication.   

Let us consider a two-microphone array in a composite noisy 
environment. Under the assumption that the background noise 
signal is stationary and the interference noise signal is 
nonstationary, an observed input signal, zi(t), can be formulated 
by 

0( ) ( )* ( ) ( ) ( ) for 1,2,i i i iz t h t s t n t a t i         (1) 

where s0(t) is the desired speech signal, n(t) is the interference 
noise component coming from a fixed point source, a(t) is a 
background noise component, and h(t) is the transfer function 
from the source of the desired speech signal to one of the 
microphones; i is an index value indicating which of the two 
microphones is to be referred to. In a short-time Fourier 
transform (STFT) domain, (1) can be expressed as 

0( , ) ( ) ( , ) ( , ) ( , ) for 1, 2,i i i iZ k H k S k N k A k i       (2) 

where τ and k are TFB indices.                         
In general, a beamformer such as a GSC is designed to 

reduce interference noise. However, such noise cannot be 
completely eliminated when a beam is roughly steered or the 
adaptation is not fast enough to track noise variation. Moreover, 
such a beamformer is not designed to handle background 
noise; hence, it normally suffers from residual noise at the 
output, Y(τ, k). 

( , ) ( , ) ( , ) ( , ),Y k S k N k A k               (3) 

where S(τ, k) is a desired speech signal distorted only by the 
first transfer function, H1(k), and   denotes the corresponding 
residual noise. The aim of noise reduction at this stage is to 
obtain 

ˆ( , ),S k  which is an estimate of S(τ, k) for transforming 
it back to the time domain. A post-filter, G(τ, k), is developed to 
obtain ˆ( , )S k  as follows: 

ˆ( , ) ( , ) ( , ).S k G k Y k               (4) 

The optimal frequency-domain filter G(τ, k) should attenuate 
the residual noise components ( , )N k  and ( , )A k  while 
preserving S(τ, k). This can be accomplished by employing a 
Wiener filter [15], which is formulated by 

SY

YY

( )
( ) ,

( )

k
G k

k





                (5) 

where ФYY(k) and ФSY(k) denote, respectively, the auto-PSD of 
Y(k) and the cross-PSD between Y(k) and S(k). However, due 
to the nonstationarity of speech signal S(k) and Y(k), the above 
Wiener filter should be formed in every frame as follows: 

SY

YY

( , )
( , ) .

( , )

k
G k

k










              (6) 

The challenge here is to estimate those spectral densities that 
produce a frame-based Wiener filter in short periods of Fourier 
analysis. Since ФSY(τ, k) and ФYY(τ, k) are unattainable in a 
given situation, we explore the method of estimating ФSY(τ, k) 
and ФYY(τ, k) sufficient to enable G(τ, k) to suppress the 
residual noise while preserving the desired speech signal. 

III. Spectral Classification 

Assuming that each of the signal components in (3) is 
mutually uncorrelated, the power spectrum of the beamformer 
output in each of the TFBs is given by 

2 2 2 2| ( , ) | | ( , ) | | ( , ) | | ( , ) | .Y k S k N k A k          (7) 

If the interference noise is nonstationary, such as in a human 
voice or music, and the background noise is stationary, then the 
TFBs can be classified into one of the following two cases:  
▪ Case 1: nonstationary signal–dominant TFBs, 

where 2 2 2| ( , ) | | ( , ) | | ( , ) |S k N k A k     . 

▪ Case 2: stationary noise–dominant TFBs, otherwise. 
Then, ( , )N k  has a sparse time-frequency representation; 
thus, the WDO condition can be applied to both the desired 
speech signal and the nonstationary noise, which supports the 
following mutually disjoint expression in the time-frequency 
domain [13]: 

( , ) ( , ) 0 for ( , ).S k N k k            (8) 

Equation (8) essentially states that the energy of the 
interference noise is approximately zero when the desired 
speech signal is dominant at a TFB. That is, a TFB of Case 1 
does not include both S and N  components at the same time 
[13]. Furthermore, if most of the energy of S or N  is 
concentrated in several narrow bands satisfying the condition 
of Case 1, then a TFB of Case 2 has a very small number of 
nonstationary components. Eventually, the power spectrum  
of the beamformer output, 

2
( , ) ,Y k  can be classified as 

follows: 
2 2

2 2 2

2

| ( , ) | | ( , ) |    where ( , ) Class 1,

| ( , ) | ~ | ( , ) | | ( , ) |    where ( , ) Class 2,

| ( , ) | where ( , ) Class 3,

S k A k k

Y k N k A k k

A k k

  
   

 

  


 
 






       (9) 
where Class 1, Class 2, and Class 3 denote the speech-
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dominant, nonstationary noise–dominant, and stationary noise–
dominant TFB groups, respectively. This expression makes   
it possible to directly estimate the power of each output 
component with a simple TFB classification. In the next 
section, a reliable spectral classification method is introduced to 
construct an optimal Wiener post-filter based on the output 
power model of (9). 

IV. Proposed Algorithm 

The conventional beamforming and post-filtering algorithms 
have some problems reducing both stationary background 
noise and nonstationary interference noise. Beamforming 
algorithms such as GSC, TF-GSC, and PF-GSC cannot avoid 
suffering from residual noise. Moreover, the nonstationary 
characteristics of the residual noise cause a conventional post-
filter to become ineffective by disturbing the estimation of the 
stationary noise power. 

This section proposes algorithmic improvements that 
suppress both the stationary and nonstationary noise signals. 
The proposed speech enhancement algorithm adds four stages 
to the conventional two-microphone GSC structure. We 
initially estimate residual stationary noise by detecting NTFBs 
at the GSC output. Subsequently, speech-dominant TFBs are 
identified among the previously detected NTFBs, and PSDs of 
speech and residual nonstationary noise are then estimated. 
Finally, a bin-wise output SNR calculated from the PSD 
estimates is applied to a Wiener post-filter, which then 
attenuates any residual noise. Figure 1 shows a schematic 
diagram of the proposed algorithm. 

1. Detection of NTFBs and PSD Estimation of Stationary 
Noise 

Generally, nonstationary signals, such as the human voice or 
music, have a significant spectral correlation between adjacent 
frequencies. Also, since the nonstationary signals show strong 
correlations, the cross-PSD of the GSC output is significantly 
larger in NTFBs than in stationary noise–only TFBs. Hence, 
we define a detection statistic, D, for the nonstationary signal 
component of the GSC output [16] as 

         
1

, , , , , ,
M

m

D k Y k Y k m Y k Y k m     



     

   (10) 
where M is the index of the frequency bin near k. The two 
terms in the expression “[| |]” represent the cross-periodogram 
between Y(τ, k) and Y(τ, k – m), and Y(τ, k) and Y(τ, k + m), 
respectively. The cross-periodogram represents an 
instantaneous estimate of the spectral correlation function, 

which is evaluated in the frequency range from k – M to k + M. 
By comparing the detection statistic with the threshold value of 
ξD, a reliable indicator function, IT, for nonstationary signal–
dominant bins can be given as 

1 if ( , ) ( , ),
( , )

0 otherwise,                   
D

T

D k c k
I k

  


 
 


      (11) 

where ξD is the minimum statistics of D obtained with the 
method of [17], and c (>1) is a pre-determined margin to 
reduce false alarms. Then, the PSD of the output stationary 
noise, 

AA
,    is easily estimated by recursively averaging the 

complementary set of the detected bins as follows: 

AA AA

2

T AA

ˆ ˆ( , ) ( 1, ) (1 )

ˆ( , ) ( , ) ( 1, ) ,

k k

I k Y k k

  

  

     

     

   

 

(12) 

where α (0 < α < 1) is a smoothing parameter and I  denotes 
a negation indicator of I. Equation (12) calculates the 

AA
̂    at 

all TFBs where the nonstationary signal component is not 
dominant; thus, it provides a robust estimate even if the 
nonstationary signal is activated.  

2. Detection of Speech-Dominant TFBs 

To discriminate speech-dominant bins among the previously 
detected bins, we introduce another indicator function, IS, 
which uses the power ratio between the GSC output, Y, and the 
BM output, U, as shown in the following expression: 

T
S

1 if ( , ) ( , ) ( , ),
( , )

0 otherwise,                            

I k R k k
I k

   


 
 


    (13) 

where 2 2( , ) | ( , ) | | ( , ) | .R k Y k U k    In the GSC structure, 

the BM blocks the desired speech signal and produces a 
reference noise signal, U(τ, k), for the ANC input [9]. The 
threshold ζ is given by its recursive averaging over TFBs of 
Class 3, as follows: 

 
( , ) ( 1, )

(1 ) ( , ) ( , ) ( 1, ) .T

k k

I k R k k

   
    

 

     
  (14) 

Let US(τ, k), UN(τ, k), and UA(τ, k) denote speech leakage, 
nonstationary noise, and stationary noise components at the 
BM output, respectively. By categorizing the power model of 
U(τ, k) into three classes as in (9), the power ratio R is given by 

2 2 2 2

2 2 2 2

2 2

(| | | | ) (| | | | ) at Class  1,

~ (| | | | ) (| | | | ) at Class  2,

| | | | at Class  3,

S A

N A

A

S A U U

R N A U U

A U

  


 







 (15) 

where (τ, k) is omitted for simplicity. When the BM is 
appropriately designed, the reference noise includes a small 
amount of the speech leakage, while the GSC outputs enhance 
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speech at Class 1. Moreover, it is assured that the interference 
signal is more attenuated than the background noise by the 
GSC at Class 2. Consequently, the three classes have the 
following relations:  

2 2 2

2 2 2

| ( , ) | | ( , ) | | ( , ) |
    .

| ( , ) | | ( , ) | | ( , ) |S A N

S k A k N k

U k U k U k

  
  

 
 

   (16) 

Therefore, (17) can be easily derived from (15) and (16). Then, 
R(τ, k) values have the following relations according to the 
TFB class of (9): 

Class  1 Class  3 Class  2( , ) | ( , ) | ( , ) | .R k R k R k        (17) 

3. PSD Estimation of Speech and Interference Noise  

Previously (Sections IV-1 and IV-2), the method to obtain 
nonstationary signal–dominant bins and speech-dominant bins 
as well as to estimate the PSD of stationary noise was 
introduced. These may be valuable information when 
estimating the PSD of a nonstationary signal. By eliminating 
only the power of the stationary noise from the power of 
nonstationary signal–dominant bins, it is possible to accurately 
estimate the PSD of a nonstationary signal.  

In particular, in the case where nonstationary signals include 
both speech and interference noise, it is necessary to estimate 
both speech and interference noise, as in the proposed method 
of this section.  

By means of a speech indicator function, speech-dominant 
bins are selected. Then, the PSD of the desired speech signal is 
estimated by subtracting the power of the stationary noise from 
the power of these bins. The PSD of interference noise is 
obtained similarly by those bins that are not indicated by the 
speech indicator function. A spectral subtraction (SS) algorithm 
[18] essentially conducts subtraction of stationary noise to 
avoid the effect of any musical noise that is caused by the 
stationary noise itself. 

We propose a method of estimating ФSS(τ, k) based on a 
speech indicator function (see (13)). The proposed estimation 
of ФSS(τ, k) is as follows:  
1) Spectral cues resembling the PSD of speech at (τ, k) are 

obtained with the speech indicator function IS(τ, k) based on 
SS. 

 2

SS S AA AA
ˆ ˆ ˆ' ( , ) max ( , ) ( , ) ( , ) ,    ( , ) .k I k Y k k k                  

(18) 
2) Obtained spectral cues are smoothed via a 9th-order 

Hamming window along the frequency bin at the τ th frame. 
As a result, we adopt a smoothed cue spectrum as the 
estimate of the PSD of the desired speech signal. 

4

SS w SS
4

ˆ ˆ( , ) ( ) ' ( , ),
k

m k

k h m k m 


 

          (19) 

where hw(m) denotes a 9th-order non-causal Hamming window. 
The proposed estimation of 

NN
( , )k    is obtained via the 

same way of (18) and (19) as follows:  
1) Spectral cues resembling the PSD of the interference noise 

at (τ, k) are obtained with the negation of the speech 
indicator function IS(τ, k); that is, S ( , ).I k  Hence, 

 2

SNN AA AA
ˆ ˆ ˆ' ( , ) max ( , ) ( , ) ( , ) ,    ( , ) .k I k Y k k k                

      (20) 
2) Obtained spectral cues of the interference noise are 

smoothed in the same way as in (19), as follows: 
4

wNN NN
4

ˆ ˆ( , ) ( ) ' ( , )
k

m k

k h m k m 


 

       .      (21) 

Ideally, SS' ( , )k  and 
NN
' ( , ),k    respectively, become 

only the PSD estimate of the desired speech signal and that of 
the interference noise, as shown in (18) and (20). However, 
these powers cannot avoid including approximation errors due 
to SS. A nonlinear mapping of the spectral estimate produces 
spectral discontinuity in the STFT domain. To correct this 
problem, in (19) and (21), the PSDs of the speech and of the 
interference noise are smoothed in the frequency domain, thus 
mitigating any spectral discontinuity at the band edge of the 
nonstationary signal. 

4. Construction of Wiener Post-Filter 

By using the assumption of non-correlation between speech 
and noise signal, the numerator of the Wiener filter (see (6)), 
ФSY(τ, k), is expanded as 

*
SY

*
1 2

*

SS

( , ) E ( , ) ( , )

E ( , ) gsc{ ( , ), ( , )}

E ( , ) ( , )

( , ),

k S k Y k

S k Z k Z k

S k S k

k

  

  

 



    
   
   

 

   (22) 

where gsc{Z1(τ, k), Z2(τ, k)} represents the GSC process with 
input signals Z1(τ, k) and Z2(τ, k). Thus, an estimation of  
ФSY(τ, k) yields an estimation of ФSS(τ, k). 

Now, consider the estimation of ФYY(τ, k); that is, the 
denominator of the Wiener filter (see (6)), which is expanded as 

*
YY

SS NN AA

( , ) E ( , ) ( , )

( , ) ( , ) ( , ).

k Y k Y k

k k k

  

  

    
      

    (23) 

In (23), ФSS(τ, k), 
NN

( , ),k    and 
AA

( , )k    are already 
estimated by (19), (21), and (12), respectively.  

Finally, the estimated PSDs are used to construct an optimal 
Wiener post-filter, Hpost, as follows: 

 SS
post

SS NN AA

ˆ ( , )
( , ) .

ˆ ˆ ˆ( , ) ( , ) ( , )

k
H k

k k k




  



     

    (24) 
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Then, the enhanced output signal in the STFT domain is given 
by 

post
ˆ( , ) ( , ) ( , ).S k H k Y k             (25) 

The enhanced output (25) is transformed back to the time-
domain via an inverse fast Fourier transform. 

V. Experimental Setup and Results 

1. Speech Database 

The proposed algorithm was evaluated in stationary and 
nonstationary noise environments. To evaluate the performance 
of the proposed algorithm, we used signals recorded at a 
sampling rate of 16 kHz in a typical vehicle space with 
dimensions 2 m × 3 m × 1.5 m. The reverberation time of the 
room is about 250 ms. Two microphones were located 15 cm 
apart in the middle of the enclosure. The desired speaker was 
located at a distance of 50 cm in the forward direction (90°) 
from the microphone array. The nonstationary interference 
noise source and the stationary background noise source are 
located at 80 cm and 150 cm from the array center, along 30° 
and 120° lines, respectively. In this configuration, sketched in 
Fig. 2, the stationary background noise source is far from the 
microphone array so that the assumption of weak correlation 
between stationary noise inputs is satisfied.  

The desired speech source was that of a male voice 
pronouncing the digits one through five in English. The 
nonstationary interference noise source was that of a different 
male voice reading an arbitrary Korean sentence composed  
of seven continuous words without pause. A stationary 
background noise source was added comprising the noise of a 
vehicle’s engine (performing speeds of between 70 km/h and 
90 km/h on a road surface) and wind noise emitting from the 
air-conditioner inside the vehicle. These signals were recorded 
separately and were mixed to generate input signals at various 
SNR levels ranging from −5 dB to 20 dB. A time-frequency 
analysis was performed with a Hamming window of 32 ms in 
length; a 256-point fast Fourier transform (FFT) was used for 
every 16 ms. 

2. Results of Speech Enhancement 

First, the proposed algorithm is separately evaluated for 
stationary- and nonstationary-noise environments. Then, the 
proposed algorithm is evaluated for a composite environment 
including both noise environments. The evaluation results are 
listed in Tables 1 and 2, respectively. The performance of the 
proposed algorithm is compared with that of the conventional 
PF-GSC [10]; TF-BM [14]; and TF-GSC with post-filtering by 
McCowan (TP-MC) [11] using a state-of-the-art speech quality 

 

Fig. 2. Experimental setting for microphones and data recording.
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Table 1. PESQ scores for proposed and conventional algorithms in 
nonstationary- and stationary-noise environments. 

Environment Nonstationary noise Stationary noise 

Input SNR –5 dB 7.5 dB 20 dB –5 dB 7.5 dB 20 dB

Input 1.60 2.57 3.40 2.11 3.04 3.82 

PF-GSC 2.13 3.04 3.75 2.78 3.59 4.05 

TF-BM 2.33 3.33 3.85 2.60 3.50 4.02 

TP-MC 2.22 3.10 3.74 3.16 3.80 3.74 

Proposed 2.57 3.52 3.99 3.14 3.95 4.11 

 

Table 2. PESQ scores for proposed and conventional algorithms in 
composite noise environment. 

Environment Composite noise 

Input SNR –5 dB 0 dB 5 dB 10 dB 15 dB 20 dB

Input 1.47 1.87 2.24 2.60 2.95 3.27 

PF-GSC 1.84 2.23 2.58 2.94 3.25 3.62 

TF-BM 1.94 2.44 2.81 3.18 3.42 3.84 

TP-MC 2.23 2.57 2.86 3.14 3.43 3.63 

Proposed 2.34 2.60 2.94 3.26 3.60 3.90 

 

 
evaluation standard: Perceptual Evaluation of Speech Quality 
(PESQ) scores [19]. PESQ is a psychoacoustics-based 
objective measure and has better correlation with subjective 
tests than other alternative objective measures. It was selected 
by the International Telecommunication Union 
Telecommunication standardization sector as recommendation 
P.862 to evaluate the speech quality of a test signal. In 
computation of the PESQ score for an enhanced speech signal 
(or a noisy input signal), the clean and enhanced speech signals 
are initially level-equalized to a standard listening level and 
then filtered by a filter with response similar to a standard 
telephone handset. The clean and enhanced speech signals are 
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aligned in the time domain to correct the time delays between 
these two signals. Hence, these two signals are processed 
through an auditory transform to obtain the loudness spectra. 
The disturbance, obtained by computing the difference 
between the loudness spectra for both the clean and the 
enhanced speech signals, is computed and averaged over time 
and frequency to produce a predicted subjective mean opinion 
score. PESQ scores range from –0.5 (for the worst case) to 4.5 
(for the best case) — higher values represent better quality. 

Tables 1 and 2 demonstrate the improved performance of the 
proposed algorithm with respect to the PESQ measure. The 
proposed algorithm shows improved PESQ scores of 27.17% 
from the PF-GSC, 20.62% from the TF-BM, and 4.93% from 
the TP-MC for an input SNR of −5 dB in a composite noise 
environment. The PF-GSC alone has the worst performance 
among the considered algorithms in a composite noise 
environment, but particularly in an environment where there is 
a high level of nonstationary noise. In this case, we observe 
greater residual nonstationary noise at the output of the PF-
GSC. The TP-MC shows better PESQ results only in an 
environment where there is a high level of stationary noise, but 
also shows considerable performance degradation in PESQ in 
an environment where there is a high level of nonstationary 
noise. On the other hand, the TF-BM has a high PESQ in an 
environment where there is a high level of nonstationary noise, 
but also shows considerable performance degradation in PESQ 
in an environment where there is a high level of stationary 
noise. This is due to the fact that the post-filter depends on the 
stationarity of the input noise signals. The proposed speech 
enhancement algorithm demonstrates a robust performance by 
controlling stationary and nonstationary noises effectively at 
most of the considered input SNRs. The experimental results 
imply that the proposed algorithm is effective at both types of 
noise while preserving the desired speech signal. 

Figure 3 presents example waveforms and their 
corresponding spectrograms at an input SNR of –5 dB. It 
shows that the PF-GSC alone did not support equivalent 
performance improvements in a composite noise environment. 
The McCowan’s post-filter supported the TF-GSC quite well 
by attenuating stationary noise under some environments. 
However, noise estimates became contaminated by the residual 
nonstationary noise during non-speech intervals and TP-MC 
did not correctly reduce the nonstationary noise components. 
The TF-BM shows a comparable noise reduction (see     
Fig. 3(e)), yet it also suppressed the components of the desired 
speech signal that propagated to distort the output signal during 
those portions of the signal that included desired speech. In 
contrast, the proposed algorithm shows a superior capability to 
control noise in the overall frequency range while preserving 
the desired speech signal. 

 

Fig. 3. Experimental speech waveforms and spectrogram: (a) 
original clean speech signal at first microphone, (b) noisy 
input signal at first microphone, (c) output of PF-GSC, 
(d) output of TP-MC, (e) output of TF-BM, and (f) 
output of proposed algorithm. 

A
m

pl
it

ud
e 

0 1 2 3 4 –0.5

0

0.5

(a) 

0 1 2 3 4
0 

4 

8 

0 1 2 3 4 –0.5

0

0.5

0 1 2 3 4
0 

4 

8 

0 1 2 3 4 –0.5

0

0.5

0 1 2 3 40 

4 

8 

F
re

qu
en

cy
 (

kH
z)

 

0 1 2 3 4 –0.5

0

0.5

0 1 2 3 4
0 

4 

8 

0 1 2 3 4 –0.5

0

0.5

0 1 2 3 4
0 

4 

8 

0 1 2 3 4 
–0.5

0

0.5

Time (s)
0 1 2 3 4

0 

4 

8 

Time (s)

(b) 

(c) 

(d) 

(e) 

(f) 

Time (s) Time (s)

Time (s) Time (s)

A
m

pl
it

ud
e 

F
re

qu
en

cy
 (

kH
z)

 

A
m

pl
it

ud
e 

F
re

qu
en

cy
 (

kH
z)

 

Times (s) Times (s)

A
m

pl
it

ud
e 

F
re

qu
en

cy
 (

kH
z)

 

Time (s) Time (s)

A
m

pl
it

ud
e 

F
re

qu
en

cy
 (

kH
z)

 

Time (s) Time (s)

A
m

pl
it

ud
e 

F
re

qu
en

cy
 (

kH
z)

 

 
 

3. Evaluation of Spatial Scenarios  

In this section, performance of the proposed speech 
enhancement algorithm and conventional algorithms is 
evaluated based on a speech database that was acquired under 
various experimental conditions. In practical applications of 
hands-free speech communication, the location of the driver 
(desired speech signal) as well as another person’s relative 
location may affect the performance. In addition, depending on 
product specifications such as the distance between the 
microphones, the performance may also vary. Therefore, to 
assure robustness of the proposed method in practical vehicular 
situations, four representative spatial scenarios were defined 
based on various vehicular environments. 

As listed in Table 3, the configuration given in Fig. 2 was 
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Table 3. List of spatial scenarios according to speech- and noise-
source locations, and distance between microphones. 

DNM (°) DSM (cm) 
Scenarios 

DM 
(cm) DS NN SN DS NN SN 

Scenario 1 5 90 30 120 50 80 150 

Scenario 2 10 90 30 150 80 150 80 

Scenario 3 15 90 60 120 150 80 50 

Scenario 4 20 90 60 150 150 50 80 

 

Table 4. Comparison of PESQ scores averaged over high or low 
SNRs according to proposed and conventional algorithms 
for four spatial scenarios. 

Scenarios Input SNR Input PF-GSC TF-BM TP-MC Proposed

High 2.96 3.21 3.38 3.39 3.53 
Scenario 1 

Low 1.90 2.19 2.35 2.50 2.59 

Average 2.43 2.7 2.87 2.95 3.06 

High 2.95 3.24 3.41 3.42 3.56 
Scenario 2 

Low 1.88 2.22 2.36 2.55 2.62 

Average 2.42 2.73 2.89 2.99 3.09 

High 2.93 3.29 3.48 3.41 3.60 
Scenario 3 

Low 1.86 2.22 2.40 2.57 2.65 

Average 2.40 2.76 2.94 2.99 3.13 

High 2.93 3.29 3.49 3.41 3.61 
Scenario 4 

Low 1.86 2.23 2.40 2.59 2.66 

Average 2.40 2.76 2.95 3.00 3.13 

 

 
expanded to consider the influence of geometry between the 
microphone array, source of desired speech (DS), source of 
nonstationary noise (NN), and source of stationary noise (SN). 
Specifically, the representative spatial scenarios were defined 
according to various parameters such as (a) distance between 
microphones (DM), (b) direction between noise sources and 
microphone array (DNM), and (c) distance between each 
source and microphone array (DSM). In addition to the 
configuration, the experimental setup was created in the same 
way as described in Section V-1. 

Table 4 compares the PESQ scores of the desired speech 
signals averaged over high or low SNRs according to the four 
spatial scenarios. In the experiments, a high SNR contained  
20 dB, 15 dB, and 10 dB signals, while a low SNR contained  
5 dB, 0 dB, and −5 dB signals. It was shown from the table that 
the desired speech signals with the proposed Wiener post-filter 
still attained the best performance among the considered 
algorithms under every scenario. This result demonstrates that 
the PESQ scores did not seem to be dependent on the spatial 

scenario. As we have already mentioned, detected NTFBs can 
estimate the PSD of noise well when both stationary and 
nonstationary noise exist in an input signal. Moreover, the 
extracted noise components need to be smoothed before 
determining the final PSD of nonstationary noise. A smoothing 
factor is helpful for minimizing the performance degradation 
caused by the spectral discontinuity. The results indicate that 
the proposed algorithm is very effective in real environments. 

VI. Conclusion 

This paper described an effective technique to suppress 
composite noise of nonstationary and stationary types by 
combining a spectral classification–based Wiener post-filter 
with a two-microphone GSC. The proposed Wiener post-filter 
algorithm estimated the PSDs of a desired speech signal and 
residual nonstationary and stationary noises by detecting the 
target signal–dominant TFBs. 

By providing the waveform and spectrogram of the desired 
speech signal, we showed that the desired speech signal was 
similar to that of the original signal. Experimental results 
confirmed the effectiveness of the proposed algorithm in 
attenuating both types of noise simultaneously while 
minimizing speech distortion. Conducted representative 
speech-enhancement experiments confirmed that the proposed 
algorithm was superior to the conventional algorithms by an 
average of 8.13% in terms of PESQ for all the considered 
environments.  

As a future work, it is possible to improve the performance 
of the existing speech enhancement system by combining the 
proposed post-filtering algorithm with pre-filtering. 
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