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ABSTRACT 

In this paper we deal with on-line algorithms for blind 
source separation using second order statistics. We briefly 
describe separating algorithms based on stochastic gradient, 
and natural gradient optimization method, and propose an 
on-line separating algorithm based on the application of the 
extended Kalman filter. Performance evaluation of the pro-
posed algorithm has shown that extended Kalman filter ap-
plied as an optimization algorithm can improve convergence 
speed and estimation accuracy of the separating algorithm. 

1. INTRODUCTION 

Blind separation of sources refers to the problem of recover-
ing source signals from their mixtures using only the ob-
served mixtures. The separation is called blind, because it 
assumes very weak assumptions on the source signals and 
mixing process. The key assumption is the statistical inde-
pendence of source signals, and a goal is to obtain estimated 
output signals that are as independent as possible.  

In the last few years, blind source separation has received 
considerable attention, due to its potential applications in 
various areas, such as telecommunications, speech process-
ing, geophysics, biomedical and image processing. Since 
1985, when blind source separation was initially proposed 
by Jutten, Herault and Ans, various approaches have been 
proposed to this problem [1,2,4,7,9]. In this paper, we con-
sider on-line algorithms for blind separation of non-
stationary signals using second-order statistics. It has been 
shown that, using the additional assumption on non-
stationarity of sources, blind source separation can be 
achieved using only second-order statistics (SOS) [10, 11]. 
We are interested in second-order non-stationarity in the 
sense that source variances vary with time. We base our al-
gorithm on diagonalization of the output correlation matrix 
in order to achieve decorrelation of the estimated output 
signals. In order to blindly separate source signals from the 
observed mixtures, we apply a self-organizing neural net-
work with lateral connections, which uses the observed mix-
tures as inputs, and provides the estimated source signals as 
outputs. Throughout the learning process, the network 
weights are adapted in a direction that reduces correlation 
between the network outputs. As an optimization algorithm 

that minimizes cross-correlations between output signals, we 
propose an on-line algorithm derived from the extended 
Kalman filter (EKF). In order to evaluate our algorithm, we 
compare its performances in on-line learning with those of 
the separating algorithms based on stochastic and natural 
gradient. In numerical experiments with artificial mixtures 
of real-world speech signals, the EKF based algorithm out-
performed both algorithms in convergence speed and esti-
mation accuracy. 

The paper is organized as follows. In Section 2, we formu-
late the problem of blind source separation. In Section 3, we 
briefly describe stochastic gradient (SG) and natural gradi-
ent (NG) based methods for blind separation of non-
stationary sources. In section 4, we propose an EKF based 
separating algorithm. We define a simple contrast function, 
and apply EKF as an optimization algorithm in order to es-
timate unknown parameters of a demixing model and re-
cover non-stationary sources. Section 5 contains results ob-
tained in separation of speech signals from their artificial 
mixtures. In Section 6, we give the concluding remarks. 

2. PROBLEM FORMULATION 

Let [ ]T
Nsss ...21=s represent N zero-mean random source 

signals whose exact probability distributions are unknown. 
Suppose that M sensors )( NM ≥ , receive instantaneous 

linear mixtures [ ]TMxxx ...21=x  of source signals. The mix-
tures are considered instantaneous if the differences of sig-
nal time arrivals between sensors can be neglected, so the 
propagation from sources to sensors can be represented by: 

 Asx =  (1) 

where A is the unknown NM ×  mixing matrix, and x is the 
vector of the observed mixtures. In a demixing system, 
source signals have to be recovered using the observed mix-
tures as inputs. As a result, we get an N-dimensional random 
vector y of separated components: 

 GsBAsBxy === . (2) 

In (2), B is an MN ×  matrix, and G is an NN ×  global sys-
tem matrix. Since it is of interest to obtain separated compo-
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nents that represent possibly scaled and permuted versions of 
sources, the matrix G has to represent a generalized permuta-
tion matrix. Therefore, the problem is to obtain, if possible, a 
matrix B such that each row and each column of G contains 
only one nonzero element. Due to the lack of prior informa-
tion, the ordering and scaling of the recovered sources re-
main undetermined, so we can obtain at best DPsy = , 
where P is a permutation matrix, and D is a nonsingular di-
agonal scaling matrix. Due to the scaling ambiguity, in the 
estimation of sources some parameters have to be arbitrarily 
fixed. In most of the approaches, this is accomplished by 
fixing diagonal elements of a demixing matrix to unity, or by 
constraining output signal variance to be equal to unity. 

3. SEPARATING ALGORITHMS BASED ON SOS 

Blind source separation using the additional assumption on 
non-stationarity of sources was initially proposed by Matsu-
oka et al. [11]. It was shown that non-stationary signals can 
be separated from their mixtures using SOS if signal vari-
ances change with time, and fluctuate independently of each 
other during the observation [11]. In order to separate sources 
from their instantaneous mixtures, a linear self-organizing 
neural network with lateral connections (Fig. 1) was applied 
as a demixing model [11]. 
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Figure 1: Self-organizing linear neural network with lateral 
connection for blind source separation 

The dynamics of each output unit is given by the first-order 
linear differential equation: 

 ttt
t

dt

d
Wyxy

y
−=+τ  (3) 

where the matrix ][ ijw=W  denotes the mutual lateral con-
nections between the output units. The output units have no 
self-connections, and therefore wii=0. In the steady state, the 
equation (3) becomes: 

 tt xWIy 1)( −+=  (4) 

Using the self-organized neural network (Fig. 1) as a demix-
ing model, Matsuoka et al. [11] have derived an on-line sto-
chastic gradient based algorithm for blind separation of non-
stationary sources. The algorithm was obtained by minimiza-
tion of the following contrast function [11]: 

 ( )






 ><−><= ∑ ||loglog

2

1 T2
,, tt

i
tity yQ yyRW,  (5) 

where ty,R  is the output correlation matrix, and >⋅<  de-

notes expectation. It should be noted that in the case of zero-

mean signals, correlation matrix is equal to covariance ma-
trix. In discrete-time k, the SG based separating algorithm is 
given by the following equations for adaptation of the net-
work weights Njiw kij ,...,1,,, = [11]: 
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In (6a), the learning rate β  is assumed to be a very small 
positive constant, and the constant α in (6b) is a forgetting 
factor 10 <<α . The learning algorithm (6a)-(6b) uses 
moving average ki,φ  in order to estimate >< 2

,kiy  in real 
time. In practice, the expected values are not available, and 
time-averaged, or instantaneous values can be used instead 
of them. 

Using natural gradient approach to the optimization of con-
trast function (5), Choi et al. [6] have derived an efficient 
equivariant algorithms for both fully connected recurrent and 
feedforward network. We consider here the learning algo-
rithm derived for the fully connected feedforward network. 
The output of the network is given by: 

 kkk xWy =  (7) 

The natural gradient separating algorithm for the feedforward 
neural network is given by [6]: 
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where kΛ  is a diagonal matrix whose elements ki,λ  are the 
variances of the output signals kiy ,  that can be estimated by 
the moving average (6b). 

4. EXTENDED KALMAN FILTER IN BLIND 
SEPARATION 

In order to apply the Kalman filter to the blind source separa-
tion, we have formulated the problem of blind separation as 
minimization of the instantaneous contrast function [13]: 

 )()()(
2
1

kk
T

kkkJ wrwrw = . (9) 

where kr  is the vector formed of the non-diagonal elements 
of the output correlation matrix, i.e. the cross-correlations 

>< )()( kjki yy ww  of the network outputs ky  at time step 

k, parameterized by the unknown mixing weights kw . As a 
demixing model, we have applied a neural network with lat-
eral connections (Fig. 1). The network outputs, which repre-
sent the recovered source signals, are calculated at every time 
step according to: 

 ∑
≠=

=−=
N

ijj
kjkijkiki Njiywxy

,1
,,,, ,...1,, . (10) 

The state space model of the parameter dynamics is given in 
the observed-error form [13]: 
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 ),0(~, 1111 −−−− += kkkkk N Qddww  (11a) 

 ),0(~,)( kkkkkk N Rvvwrz +−= . (11b) 

Note that the observations kz  of cross-correlations 

)( kk wr are equal to zero at every time step k. The process 

noise 1−kd  and the observation noise kv  are assumed mutu-
ally independent, white and Gaussian and with variances 
equal to 1−kQ  and kR , respectively. The parameters can be 
estimated by maximizing a posteriory probability density 
function: 
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where },...,1,{:1 kiik == zz , or, equivalently by minimizing 
the negative logarithm of (11): 

 ))(log())(log()( 1:1 −−−= kkkkk ppJ zwwzw  (13). 

After taking into account the assumptions on the process 
noise and observation noise, and after neglecting the constant 
terms, the cost function (13) becomes: 
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The estimate of the network weights kŵ  and its associated 

covariance kP at time step k, are given by: 

 )ˆ(ˆˆ 11 −− += kkkkk wrKww  (14a) 

 )()( 11 −− +⋅−= kkkkk QPHKIP , (14b) 

where Kk is the Kalman gain: 

1
1111 ))(()( −

−−−− +++= T
kkkkk

T
kkkk HQPHRHQPK  (15) 

and: 

 ( )
1ˆ −=∂∂=

kk wwkkkk wwrH . (16) 

Recursions (14a) and (14b) represent the basic equations of 
the extended Kalman filter for the problem defined by the 
state space model (11).  

5. SIMULATION RESULTS 

In the problem of blind source separation, it is important to 
obtain an estimator whose properties do not depend on the 
mixing matrix, but only on the source signals [3]. Uniform-
ity, or equivariance property of the estimator is desirable in 
on-line learning, because it avoids necessity to tune parame-
ters of the algorithm in order to obtain optimal results and 
uniform performances in the estimation of sources for vari-
ous mixing matrices. In order to evaluate performances of 
our EKF-based algorithm in blind source separation, we have 
compared it with the stochastic gradient and natural gradient 
separating algorithms given in Section 3. The task was to 
separate two non-stationary sources from their mixtures. The 

mixtures were obtained artificially, using a set of mixing ma-
trices with diagonal elements set to unity, and non-diagonal 
elements (a12, a21) were taken from the interval ]9.0,1.0[  
with step 0.1. In this framework, we can measure the per-
formance of the algorithm in terms of the performance index 
PI defined by [5]: 
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where ijg is the ),( ji -th element of the global system matrix 
AWIG 1)( −+= . The performance index indicates how far 

the global system matrix G is from a generalized permutation 
matrix. When perfect signal separation is achieved, the per-
formance index is zero. 

In addition, we calculate the signal-to-interference-ratio-
improvement SIRI according to [6]: 

 
}){(
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2
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−
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Before calculation of SIRI, the scaling and ordering ambigui-
ties are resolved. In performance comparison, the source 
signals were two normalized speech recordings recorded in 
anechoic chamber at sampling rate 12kHz and each recording 
consisted of 60000 samples. Each signal sample was pre-
sented to the network input only once. In simulations, the 
learning rate SGβ  and NGβ  for the SG and NG-based algo-
rithm were set to 0001.0== NGSG ββ , and forgetting factor 
were set to: 8.0=SGα , and 8.0=NGα . The observation 
noise covariance kR  for the EKF-based algorithm was fixed 
to identity matrix, IR =k , and the process noise covariance 

kQ  was a diagonal matrix which entries were exponentially 
decayed in the range )1010( 61 −− −  in order to achieve fast 
convergence at the beginning of the learning process, and to 
retain good tracking abilities. For both algorithms, initial 
values of 12w  and 21w , as well as the initial correlations in 
the moving average (6b), were set to zeros. The initial value 
of estimation error covariance P in EKF-based algorithm was 
set to IP ⋅= 01.0k . 

The obtained results are given in the following figures. Fig. 
2. presents dependence of SIRI on the mixing coefficients 
(a12, a21) obtained using EKF, SG and NG based separating 
algorithms. Fig. 3 and Fig. 4 show the examples of time evo-
lution of the performance index PI obtained for the mixing 
matrices given by: 









=

18.0

6.01
1A , and 








=

16.0

7.01
2A . 

We have observed the following: 

− For all considered algorithms, the values of PI and SIRI 
depend on the mixing coefficients, as well as on the 
source signals. 

− Regarding convergence speed and estimation accuracy in 
on-line learning, the best results were obtained using EKF 
based algorithm. 
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Figure 2: SIRI1 and SIRI2 versus mixing coefficients (a12, 
a21) obtained using: a) EKF based algorithm, b) SG based 
algorithm, c) NG based algorithm 

− The results obtained by NG and SG based algorithms can 
be improved by several passes - epochs through the re-
cordings, whereas for EKF based algorithm no improve-
ments were observed in that case. 

− For all considered algorithms, the best results were ob-
tained for moderate mixtures; the quality of estimation de-
creased for badly-scaled sources, and for mixing matrix 
aproaching ill-conditioned matrix. For 9.02112 == aa , 
EKF based algorithm did not converge within 60000 time 
steps and predefined parameter values. 

6. CONCLUSION 

In this paper, we have proposed an on-line algorithm for 
blind source separation based on the second order statistics 
and the extended Kalman filter. Numerical experiments have 
shown that the EKF based algorithm outperforms stochastic 
gradient and natural gradient separating algorithms in con-
vergence speed and estimation accuracy. 
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