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Abstract
The theoretic foundation of traditional microphone array post-
filters is the signal model in which the noise between sensors 
is assumed to be uncorrelated. However, this model is 
inaccurate in real environments since the correlated noise 
exists. In this paper, a more generalized signal model which 
considers both the correlated and uncorrelated noise is 
introduced. A general expression of the microphone array 
post-filter is proposed for this model. For better residual noise 
shaping, the human auditory property is incorporated into the 
post-filter estimation process. In experiments with real noise 
microphone array recordings, the proposed technique has 
shown to produce impressive results in terms of quality 
measures of the enhanced speech. 
Index Terms: post-filter, generalized signal model, human 
auditory property, speech enhancement 

1. Introduction
The problem of using microphone arrays for the task of 
speech enhancement has received much attention in recent 
years. So far, a variety of speech enhancement algorithms 
based on microphone arrays have been proposed [1]-[5]. A 
recently well studied technique is the post-filter algorithm due 
to its good noise reduction performance. The commonly used 
multichannel post-filter, which is based on the Wiener filter, 
was first introduced by Zelinski [1]. Based on the work of 
Zelinski, Marro et al. [2] suggested using the auto- and cross-
power spectrums of the array inputs to estimate the post-filter 
transfer function. In this paper, this technique is referred to as 
the Zelinski post-filter. McCowan [3] provides a more general 
expression of the post-filter estimation based on a known 
noise field coherence function.

One problem of the traditional post-filter technique (the 
Zelinski post-filter) is that it is based on the signal model in 
which the noise on different channels is assumed to be 
uncorrelated. In another word, the Zelinski post-filter just 
considers the uncorrelated noise. However, in real 
environments, not only the uncorrelated noise exists but also 
the correlated noise exists.

In this paper, to deal with the problem of suppressing 
noise in arbitrary environments, we first propose a 
generalized post-filter based on a generalized signal model 
which considers both the correlated and uncorrelated noise. 
Then, the human auditory property has been incorporated into 
the post-filter estimation process for better residual noise 
shaping.

The remainder of this paper is organized as follows. 
Section 2 gives the generalized signal model and the 
corresponding generalized post-filter. In section 3, the 
improvement using the human auditory property is presented. 
In section 4, the performance of the proposed technique is 
accessed in experiments with microphone array noise 
recordings. At last, a conclusion is given in section 5. 

2. Post-filter based on a generalized signal 
model

In Figure 1, a linearly and equidistantly distributed 
microphone array in a noisy environment is considered. A 
generalized signal model is assumed in which the observed 
signals consist of three components. The first is the target 
speech signal coming from a direction. The second is the 
localized noise arriving from another direction and the third is 
the non-localized noise, propagating in all directions 
simultaneously. Obviously, the localized noise is correlated 
between sensors and the non-localized noise is assumed to be 
uncorrelated between sensors. 

Figure 1: The signals imposing on the microphone array. 

In Figure 1, the observed signal imposing on the 
microphone array can be given in the frequency domain as:  
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where  is the noisy signal vector 

received by the microphone array, S is the target signal, 
 is the propagation vector of the signal 

source ,  is the noise vector,  

 is the localized noise vector ,  

 is the non-localized noise vector and is
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Simmer et al. [4] give the demonstration of expressing the 
optimal broadband Minimum Mean Square Error (MMSE) 
filter solution as a classical Minimum Variance Distortionless 
Response (MVDR) beamformer followed by a single-channel 
Wiener filter, which is: 
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where  is the optimal filter coefficients vector, optw SS  and 

NN  are respectively the (single-channel) target signal and 

noise auto-power spectrum vectors, d is the propagation 
vector of the signal source and  is the (multichannel) 
noise cross-spectral density matrix.  
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The bracketed item in the expression (3) is the single-
channel Wiener filter part and the remaining item is the well 
known solution for the MVDR beamformer [5].  

According to (3), a multichannel speech enhancement 
system is constructed as shown in Figure 2, which mainly 
consists of three parts: the MVDR beamformer to maximize 
the directivity of the array response, the Wiener post-filter 
estimator to estimate the post-filter transfer function and the 
post-filtering part to further enhance the beamformer output. 

Figure 2: Diagram of the multichannel speech 
enhancement system.

In this paper, we focus on solving the problem of 
estimating the post-filter term in the expression (3) which is: 
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Under the noise field assumptions that: 
1) The target signal and noise are uncorrelated. 
2) The noise power spectrum is the same on all sensors. 
3) The noise is uncorrelated between sensors. 
The Zelinski post-filter is given as follows:
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where is the real operator and L is the number of the 
microphone array sensors. 

}{��

However, above assumptions are inaccurate in real 
environments since the localized noise is correlated between 
sensors.

Considering the practical situations, following 
assumptions are adopted for our generalized signal model: 
1) The target speech signal, the localized noise and the non-

localized noise are uncorrelated with each other 
( 0�

jiMS , 0�
jiVS , 0�

jiVM , ).ji,�
2) The noise power spectrum is the same on all sensors 

( iVVVVMMMM iiii
��� ,,  ).

3) The localized noise is correlated between sensors 
),,( jiMMMM ji

��  and the non-localized noise is 

uncorrelated between sensors ),0( ji
jiVV ��� .

Under these assumptions, the post-filter term (4) can be 
rewritten as: 
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Calculating the auto- and cross-power spectrums of the 
aligned signals on channels i and j , leads to: 
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Obviously, the expression (5) is not the accurate 

estimation of the expression (6) because under the adopted 
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of SS , but the estimate of MMSS  � . An accurate 

expression of SS  is needed to estimate the expression (6). 
According to (7) and (8), two estimates are given as follows:  
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SS can be obtained if the noise power spectrum 

VVMM  � is available. We estimate the noise in each single 
channel. The computation of the auto- and cross-power 
spectrums of the noise on channels i and j , results to:
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According to (11), VVMM  � can be estimated as follows: 
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Combining (10) and (13), we have: 
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According to (14), an estimate of the expression (6) is 
obtained as follows: 
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It should be noted that, if the noise estimation in the single 

channel is not accurate, the value of h  may be out of its 
theoretic range , caused by the subtraction operation in 
(15). A simple approach to solve this problem is to bound the 

 estimation as follows: 
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where 0.1 is determined empirically. 
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3. An improvement by the human 
auditory property 

A potentially important development in noise reduction 
methods is the incorporation of the psychoacoustic properties 
of human hearing, namely the so called masking. The 
masking phenomenon can be explained by the so called 
critical bands. Within one critical band, one sound (the 
maskee) becomes inaudible in the presence of another sound 
(the masker) with a higher intensity. The human auditory 
frequency range spreads from 0 to 15500 Hz and covers 
approximately 24 critical bands [6]. In this section, we 
incorporate this property into the post-filter estimation 
process to shape the residual noise. 

The expression (15) can be expressed as follows: 
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where
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and is the trace operator. )(�tr
The eigenvalue decomposition (EVD) of is given by:  SS�
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where ),,( 1 Ldiag �� ��� with the eigenvalues i� ’s in 

decreasing order, 
iiii NNXXi � �� ,  is 

the unitary eigenvector matrix and is the unitary 

eigenvector corresponding to 
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iU

i� .
Since the noisy signal energy is always larger than the 

noise energy, i� should not be negative. So, we set the 

negative i�  to 0 and give the following expression: 
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The use of (19) is to reduce the impacts of the channels which 
may have the noise estimation errors.  

To use the human auditory property, we need to get the 
auditory masking energies. 

First, we should compute the excitation pattern 
which is regarded as an energy distribution along the 

basilar membrane.  can be calculated by convolving the 
subband energy with the spreading function  [7].  
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where andKk �,1� 24�K  is the critical band number. 
An analytical expression for the spreading function is 

given by:  
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The subband energy  is calculated by:  )(kB
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Or in matrix notation,  
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The masking threshold can be calculated as follows 
[7]: 
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where is the offset which can be found in [8]. )(kO
This perceptual information should be mapped to the 

eigendomain and the mapping method is given by [9]: 
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referred to as the “masking energies”. 
Making  less than the “masking energies”, 

becomes smaller and more noise suppression is achieved. So, 
i�̂ i�̂

�̂  is proposed to be calculated as: 
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Then, we have: 
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The expression (17) is rewritten as follows: 
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where L� is the rank of the .SS�̂

4. Experiments and analysis 
To validate the effectiveness of the proposed technique, we 
compare its performance to other multichannel noise 
reduction algorithms, including the Beamformer [4], the 
Zelinski post-filter [1][2] and the McCowan post-filter [3]. 
The CMU microphone array database [10] is used for the 
experiments. The recordings were collected by a linear 
microphone array with fifteen sensors at a sampling rate of 16 
kHz. Since this array is not equally spaced, we choose seven 
sensors of No.5-No.11 to form a linear and equally spaced 
sub-array. The space between sensors is 4 cm. The adopted 
recordings have two types: one is collected in a laboratory 
and the interference is strong computer noise; the other is 
collected in a conference room and the noise is made by a talk 
radio. Totally 26 utterances are used. The time aligned noisy 
inputs of the array are divided in time into frames of 25ms, 
15ms overlapped between adjacent frames. At each frame a 
Hamming window is applied and a STFT analysis takes place. 
The single channel noise estimation refers to Hasan [11] and 
the auto- and cross-power spectrums estimation refers to 
McCowan [3]. 

The evaluation criteria we adopted are the segmental 
signal-to-noise ratio enhancement (SSNRE), the PESQ score , 
the Log-spectral distance (LSD), Log-area ratio (LAR) and 
Log-likelihood ratio (LLR)  [12][13].  

High values of the SSNRE and the PESQ score and low 
values of the LSD, the LAR and the LLR denote high speech 
quality. 

Table 1 displays the average experiment results of the 
proposed algorithm and the competing algorithms. The 
“Input” item corresponds to the average value of the 
microphone array inputs. The “Prop1” and “Prop2” items 
correspond to the results of the proposed post-filters in the 
expressions (15) and (28), respectively. 
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Table 1. Average experiment results of the proposed 
algorithm and the competing algorithms.

Input  Beamformer  Zelinski   McCowan  Prop1   Prop2 
SSNRE(dB):     -          0.02           -0.20         3.25        3.69      4.17 
PESQ:            2.26       2.31           2.28          2.33        2.37      2.43 
LSD:              7.10        6.73          7.18          6.11        5.79      5.52 
LAR:             8.54        9.54          11.62         8.34        7.74      7.48 
LLR:              0.81        0.86          1.04          0.94         0.73      0.69 

It is easy to find that our post-filter (15) and (28) are 
better than the competing algorithms under all the five criteria 
and our post-filter (28) has the best performance in all the test 
algorithms. Namely the relative % average improvements 
achieved compared to the best of the reference approaches 
were 28.3% in SSNRE, 4.3% in PESQ, 9.7% in LSD, 10.3% 
in LAR and 19.8% in LLR.

Figure 3 shows the spectrograms of the clean speech, the 
central noisy input and the enhanced results of all the test 
algorithms for an utterance corresponding to the string of 
“pittsburgh” for comparison.  

(a)  Clean input                      (b) Central noisy input  

(c) Beamformer output   (d) Zelinski output

      (e) McCowan output   (f) Post-filter of (28) output 

Figure 3: Signal spectrograms for the utterance of 
“pittsburgh”.

From Figure 3, we note that the competing algorithms are 
incapable of removing the noise in the low frequency region. 
For the MVDR beamformer, this inadequacy is attributed to 
the fact that the greatest portion of the noise energy is 
concentrated in the low frequency region, where the 
beamformer has a low directivity factor. The poor 
performance of the Zelinski post-filter is due to the reason 
that this method is based on the assumption of a spatially 
uncorrelated field. For the McCowan post-filter, the 
differences between the assumed and actual coherence 
functions result in its performance significant degradation.   
Compared with these algorithms, our post-filter reduces more 

noise at low frequencies and gets better enhanced results at all 
frequencies since it has a more accurate transfer function 
estimation and the incorporation of the human auditory 
property indeed helps the residual noise shaping. 

5. Conclusions
In this paper, an effort has been made to develop an effective 
post-filter to suppress the noise in arbitrary environments. 
Comparative results have shown that incorporating a more 
accurate signal model and the human auditory property into 
the post-filter estimation process result in improved speech 
enhancement. This intuitively motivates the use of the 
proposed technique as a general and possible optimum 
estimation approach. 
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