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Abstract: Blind source separation problem has recently received a great deal of attention in signal processing 
and unsupervised neural learning. In the current approaches, the additive noise is negligible so that it can be 
omitted from the consideration. To be applicable in realistic scenarios, blind source separation approaches 
should deal evenly with the presence of noise. In this contribution, a novel noisy multiple channels blind signal 
separation algorithm was presented by wiener filtering and independent component analysis (ICA) when the 
measured signals were contaminated by additive noise. An improved wiener filtering algorithm was proposed to 
reduce the noise and then the FASTICA algorithm was used to separate the denoised speech. The results show 
that this method may reduce the affect of noise and improve the signal-noise ratio (SNR) of separation speech, 
accordingly renew the original speech. Copyright © 2013 IFSA. 
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1. Introduction 

 
Blind source separation is a technique that 

extracts the original signals from their mixtures 
observed by sensors. The work has been one of the 
most exciting topics in the fields of neural 
computation, advanced statistics, signal processing 
and communication engineering. In order to solve the 
problem of blind signal separation, many techniques 
have been proposed [1-4]. Among them, Independent 
component analysis (ICA) is a statistical and 
computational technique for revealing hidden  
factors that underlie sets of random variables, 
measurements, or signals, and ICA methods are 
based on the assumption of mutual independence of 
the sources [5-10]. Some fast and efficient algorithms 
have been proposed such as FASTICA [11-15]. 
These methods solve the problem of blind signal 

separation effectively. However, all these algorithms 
perform poorly when noise affects the data.  
ICA has some assumption such as source signal 
without noise or noise are small enough to be 
ignored, so it can not solve the problem of the noisy 
blind source separation. Most of ICA methods were 
developed in the case of noiseless data.  
The case of noisy ones remains an active field of 
research. To overcome the limitation, a noisy 
multiple channels blind signal separation  
algorithm based on wiener filtering and ICA is 
proposed in this paper to separate the noisy  
mixed speech. An improved wiener filtering 
algorithm was used to denoise the noisy mixed 
speech signals and then the FASTICA algorithm was 
used to separate the denoised speech. Separation 
results obtained from test demonstrate the feasibility 
of our approach. 
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2. Basic Principle of ICA 
 
ICA is one method for performing blind signal 

separation that aims to recover unknown sources 
from a set of their observations, in which they are 
mixed in an unknown manner. The model of linear 
mixing non-noise ICA can be depicted by Fig. 1. 

 
 

 

┇ ┇ ┇ 

A W 
s(t) x(t) s(t) 

y(t) 

 
 

Fig. 1. The model of linear mixing non-noise ICA. 
 
 
In the basic ICA model, the observed mixture 

signals )(tx  can be expressed as 
 

)()( tt Asx = , (1) 
 

where A is the unknown mixing matrix, and )(ts  
represents the latent source signals which are 
assumed to be statistically mutually independent. 

The ICA model describes how the observed 
mixture signals )(tx  are generated by a process that 
uses the mixing matrix A to mix the latent source 
signals )(ts . Another concern is the presence of 
additive noise, which is usually assumed to follow a 
normal distribution. Denoting the additive noise 
vector )(tv , then a more realistic and general ICA 
model is the noising case: 

 
)()()( ttt vAsx +=  (2) 

 
The simple model of noisy ICA can be depicted 

by Fig. 2. In such model, the independent 
components )(ts  cannot be directly observed and the 
mixing coefficients A and the noise )(tv  are also 
assumed to be unknown. If noise is negligible, only 
the random variables )(tx are observed and both the 
components )(ts  and the coefficients A must be 
estimated using )(tx . Then, the ICA solution is 
obtained in an unsupervised learning process that find 
a de-mixing matrix W. The matrix W is used to 
transform the observed mixture signals )(tx  to yield 
the independent signals. That is: 

 
)()(ˆ tt Wxs =  (3) 

x(t) 
A + Pre-processing 

v(t) 

)(ˆ ts

 
 

Fig. 2. The noisy ICA model. 
 
 
The signals )(ˆ ts  are the estimation of the latent 

source signals )(ts . If 1−= AW , then the recovered 
signals )(ˆ ts  are exactly the original sources )(ts . The 
components of )(ˆ ts , called independent components, 
are required to be as mutually independent as 
possible. To make sure that ICA model can be 
estimated, the following assumptions and restrictions 
often to be satisfied: 

1) The number of sensors is not less than the 
number of original signals. 

2) The original signals are supposed to be 
stationary independent of each other. 

3) Only up to one source may be Gaussian. 
4) The noise can be omitted. 
In this paper, for overcoming the ICA limitation 

for 4), a noisy multiple channels speech blind signal 
separation algorithm based on wiener filtering and 
ICA is proposed. The aim of presented algorithm is 
to realize noisy mixed speech blind separation. 

 
 

3. FASTICA Algorithm 
 
There exist several algorithms performing ICA, 

from among the several ICA algorithm, the 
FASTICA [11-15] algorithm was presented in this 
study. This algorithm is based on fixed-point method, 
comparing the algorithms based on gradient descent 
method, the fixed-point algorithm has a higher speed 
convergence property since the newton method in 
block mode is applied. It is easy to apply in data 
analysis since there is no learning rate parameter that 
must be adjusted. Furthermore, the independent 
components can be extracted one by one or 
simultaneously. This means the condition of the prior 
knowledge of the original signals number will be 
more relaxed. 

In the FASTICA algorithm, the initial step is 
whitening or sphering. This whitening facilitates the 
separation of the underlying independent signals. By 
this linear transformation, the observation )(tx  are 
made uncorrelated and unit-variance. In typical of 
ICA methods, the whitening may be accomplished by 
principal component analysis (PCA) projection. 
Make  

 
)()(ˆ tt Uxx = , (4) 

 
where )(ˆ tx is the whitening signals with 

Ixx =])(ˆ)(ˆ[ TttE , U is the whitening matrix, which is 
usually computed after singular or eigen-value 
decomposition of the covariance matrix of )(tx , the 
process is given by  
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T2
1

VΛU
−

= , (5) 
 

where )](,),1([diag mλλ=Λ  is the diagonal matrix 
with the eigenvalues of the data covariance matrix 

])()([ TttE xx , and V is the matrix with the 
corresponding eigenvectors as its columns. 

Substitute Eq. (1) for Eq. (4), the  
formula becomes: 

 

)()(ˆ tt UAsx =  (6) 
 
And the matrix B=UA is orthogonal. Therefore, 

the solution is now sought in the form: 
 

)(ˆ)(ˆ tt xWs =  (7) 
 
If 1−= BW , then the recovered signals )(ˆ ts  are 

exactly the original signals )(ts .  
In order to calculate W, different cost functions 

are used in the literature, usually involving a 
nonlinearity that shapes the probability destiny 
function of the original signals. However high-order 
statistics, such as the kurtosis, are widely used as well 
[16]. The kurtosis shows how independence the 
signal is because it is the classical measure of non-
Gaussianty. Here kurtosis is used as the judge ruler. It 
can be defined as follows: 

 
224 ])[(3][)(kurt iii SESES −=  (8) 

 
Kurtosis has characters depicted as follows: 
 

)(kurt)(kurt
)(kurt)(kurt)(kurt

1
4

1

2121

xaax
xxxx

=

+=+
 (9) 

 
The kurtosis is negative for original signals whose 

amplitude has sub-Gaussian probability densities, 
positive for super-Gaussian, and zero for Gaussian 
densities. Maximizing the norm of the kurtosis leads 
to the identification of non-Gaussian original signals. 

Then the cost function defined as follows: 
 

22T4TT }])ˆ{([3])ˆ[()ˆ(kurt iii EE xwxwxw −=  (10) 
 
Since observation signals have been pre-whiten, 

Eq. (10) can be simplified as follows  
 

44TT ||||3])ˆ[()ˆ(kurt wxwxw −= ii E  (11) 
 
Seeking the gradient of (8), the following can  

be got: 
 

)(||)(||3])ˆ)((ˆ[ 23T kkkE iiii wwxwxw i −∆ α  (12) 
 
Using the fixed-point algorithm, the iteration of 

fixed-point algorithm can be expressed: 
 

)1(3])ˆ)1((ˆ[)( 3T −−−= kkEk iii ii wxwxw  (13) 
 

Thus the steps of FASTICA algorithm are  
as follows: 

1) Center the data to make its mean zero. 
2) Whiten the data to get )(ˆ tx . 
3) Make i=1. 
4) Choose an initial orthogonal matrix for W 

and make k=1. 
4) Make  
 

)1(3])ˆ)1((ˆ[)( 3T −−−= kkEk iii ii wxwxw . 
 
5) Make 

)(
)()(

k
kk

i

i
i w

ww = . 

6) If not converged, make k=k+1 and go back 
to Step 5). 

7) Make i=i+1. 
8) When i<number of original signals, go back 

to Step 4). 
In this study, the process is iterated until the 

weight |)1()(| T −kk ii ww  equal or close to 1. 
 
 

4. Wiener Filtering 
 
The wiener filtering is a popular technique that 

has been used in many signal enhancement methods. 
The basic principle of the wiener filtering is to obtain 
an estimate of the clean signal from that corrupted by 
additive noise [17]. This estimate is obtained by 
minimizing the mean square error between the 
desired signal and the estimated signal. It is necessary 
to estimate the noise power spectrum of the current 
frame in the priori SNR estimation wiener filter 
speech enhancement algorithm, the classical 
algorithm is calculating the statistical average of the 
silent period to estimate the noise power spectrum, it 
is assumed that the noise power spectrum in the 
sound before and during phonation has not changed, 
such estimation and the assumption are clearly not 
comprehensive enough [18]. In addition, the classical 
algorithm can effectively restrain the noise which 
change range is not big or stable, but in a wide range 
of noise, the effect is not very good. 

This paper calculates the silence signal 
statistically averaged to obtain the initial noise power 
spectrum, by smoothing the initial noise power 
spectrum and noisy speech power spectrum to get the 
new noise power spectrum, to overcome the shortage 
of estimating noise power spectrum depends only on 
the silent period in classical algorithm. And by 
calculating the noisy speech power spectrum and the 
noise power spectrum ratio, updating the noise power 
spectrum, to improve the limitation that the classical 
algorithm only applies to stability or change  
little noise. 

First of all, determine the speech starting frame of 
the noisy speech by endpoint detection, and make the 
average noise variance in the silent period as the 
initial value of the noise power spectrum. 
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where 
2^

)(
ORI

wN
 is the initial value of the noise power 

spectrum, 2)(wYk  is the noisy speech power 
spectrum of the kth frame, m is the starting frame of 
the speech, L is the frame length. 

Starting with the first frame, determine the frame 
for speech signal or noise signal, so as to update the 
noise power spectrum estimation, if it is the noise 
signal of the current frame, smoothing the power 
spectrum of the current frame to update the noise 
power spectrum estimation.  
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where α  is the noise smoothing factor, 2)(wYk is the 
noisy speech power spectrum of the kth frame. 

The spectrum estimation of pure speech signal 
expressed as the following formula 

 

)()()(
^^

wYGwS kkk ξ= , (16) 
 

where )(
^

wSk
 is the spectrum estimation of the kth 

frame pure speech signal, 2)(wYk
 is the noisy speech 

power spectrum of the kth frame. )( kG ξ  is the spectral 

gain function, and 
k

k
kkG

ξ
ξ

γξ
+

=
1

),( , kξ  is the priori 

SNR, kγ  is the posteriori SNR. 
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where β  is the speech smoothing factor. 

The speech signal time domain representation can 

be expressed by inverse fourier transform for )(
^

wS k  
 

⎥⎦
⎤

⎢⎣
⎡= − )()(

^
1

^
wSFnS kk

 (18) 

 

The steps of the algorithm can be shown  
as follows 

1) Get the starting and ending points of the speech 
signals by endpoint detection for speech signals, and 

estimate the noise power spectrum 
2^

)(
ORI

wN  by 

statistical average of noise variance in silent period. 
2) From the beginning of the starting frame of the 

speech signal, determine whether the current frame as 
a speech signal or a noise signal. If it is the noise 
signal, smooth the power spectrum of the current 
frame and update the estimate of the noise power 

spectrum 
2^

)(
NEW

wN . 

3) Get )(
^

wSk  of the current by formula (16). 

4) Perform fourier inverse transform for )(
^

wSk , 
and take the real part as the filtered speech signal. 

5) Get the reconstructed speech signal by 
overlapping of the filtered speech signal frames. 

 
 

5. Performance Evaluations 
 
In particular, in noisy multiple channels speech 

blind signal separation experiments, two kinds of 
experiments were carried out: 

1) FASTICA algorithm was used to separate the 
noisy mixing speech directly.  

2) The proposed algorithm was used to separate 
the noisy mixing speech which using the improved 
wiener filtering algorithm to de-noise before 
separated by FASTICA algorithm. 

Select a female speech s1 and a male speech s2 
supplied by ICALAB for Signal Processing as the 
original signals shown in Fig. 3 (a1) and Fig. 3 (a2). 
The signal sampling frequency 

Zs kHf 8= , the length 

of the data M = 5000. Fig. 3 (b1) and Fig. 3  (b2) 
show the mixed signals. where matix A is given by  

 

⎥
⎦

⎤
⎢
⎣

⎡
=

5089.03298.0
0.10700.6898

A   

 
Add white Gaussian noise to mixed speech, 

Fig. 3 (c1) and Fig. 3 (c2) show the noisy mixed 
signals and the SNR of the signals depicted by 
Table 1. Make 8=α , 95.0=β , Fig. 3 (d1) and 
Fig. 3 (d2) show the signals denoised by the 
improved wiener filtering algorithm. Fig. 3 (e1) and 
Fig. 3 (e2) show the signals separated by FASTICA. 
Fig. 3 (f1) and Fig. 3 (f2) shows the signals separated 
by the proposed algorithm.   
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(a1) (a2) 

  
(b1) (b2) 

  
(c1) (c2) 

  
(d1) (d2) 

  
(e1) (e2) 

  
(f1) (f2) 

Fig. 3. Waveforms of original signals (a), mixed signals (b), noisy mixed signals (c), enhanced signals by the improved 
wiener filtering (d), separated signals by FASTICA (e), separated by the proposed algorithm (f). 
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Table 1. The SNR comparison of speech signals. 
 

Signals SNR(dB) (s1, s2) 
Mixing signals 9.9618 2.9522 
Noisy mixing signals 8.0549 1.9787 
Wierner filtering signals 8.4858 2.4926 
The separation signals  
by method (1) 7.5076 1.8246 
The separation signals  
by method (2) 9.0961 8.2436 

 
 

Fig. 4 shows the spectrograms of original signals 
(a1) and (a2), mixed signals (b1) and (b2), noisy 
mixed signals (c1) and (c2), enhanced signals by the 
improved wiener filtering (d1) and (d2), separated 
signals by FASTICA (e1) and (e2), separated by the 
proposed algorithm (f1) and (f2).As shown in the 
spectrograms, the noise reduction algorithm and 
proposed algorithm can reduce the affect of noise. 
moreover, the high frequency components degraded 
by noise are enhanced by the proposed algorithm.  

 
 

(a1) 
 

 
(a2) 

 

 
(b1) 

 

 
(b2) 

 

 
 

(c1) 
 

 
(c2) 

 

 
 

(d1) 
 

 
(d2) 

 
Fig. 4 (a-d). Spectrograms of original signals (a), mixed signals (b), noisy mixed signals (c),  

enhanced signals by the improved wiener filtering (d). 
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(e1) 

 

 
(e2) 

 

  
 

(f1) 
 

(f2) 
 

Fig. 4 (e-f). Spectrograms of separated signals by FASTICA (e), separated by the proposed algorithm (f). 
 
 
The signal-noise ratio (SNR) of mixing speech, 

noisy mixing speech, wiener filtering signals, 
separation speech by method (1) and separation 
speech by method (2) are shown by Table 1. The 
SNR is defined as: 

 
)dB()/(lg10SNR NS PP= ,  

 
where SP  is the power of signals, NP  is the power  
of noise. 

To evaluate the performance of the algorithm 
with crosstalk error, crosstalk error is defined as 
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where C=WA is the global transfer matrix, Cij is the 
element of C, iji cmax  is the maximum absolute 

value of the ith line, and ijj cmax  is the maximum 

absolute value of the ith column. The performance 
index of the algorithm can be depicted by Table 2. 
 
 

Table 2. The performance of the algorithm. 
 

Algorithm Iterative 
time (s) 

Crosstalk 
error 

FASTICA algorithm 0.3219 0.5135 
The proposed algorithm 0.4327 0.3706 

 
 
The simulation results show that the algorithm 

can be applied successfully to the blind separation of 

noisy speech signal with smaller crosstalk error and 
better performance. However, the proposed algorithm 
spends more time than FASTICA algorithm. 

 
 

6. Conclusions 
 
1) A method for performing ICA in the presence 

of additive noise is described. The method is 
proposed of combining an improved wiener filtering 
and FASTICA to separate noisy mixed speech. An 
improved wiener filtering is introduced to pre-
process the noisy mixing speech signal, and 
FASTICA algorithm is used to separate the de-noised 
speech. 

2) The proposed algorithm reduces the noise 
influences, overcomes the shortcoming of the 
traditional ICA cannot be used in the presence of 
noise model, and makes the online ICA model more 
easily applied.  

3) The simulation and experiment results prove 
the feasibility and validity of the modeling and 
control method based on improved wiener filtering 
algorithm and FASTICA, which can renew the 
original speech effectively. Furthermore, with this 
algorithm, ICA can be used to solve the problem of 
more realistic blind signal separation. 
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