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Abstract
A novel blind source separation algorithm is proposed which can 
separate the mixture of super- and sub-Gaussian sources. one 
novel method is proposed to estimate the probability density 
function of super and sub-Gaussian sources respectively. In 
the framework of natural gradient, the parameters of two 
models are adaptively manipulated by online kurtosis learning. 
Applied to the speeches, experiments give good performance 
of proposed algorithm.
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I. Introduction
Independent Component Analysis [1], which develops from blind 
source separation during the last few years, is a multichannel 
signal processing method and it tries to transform an observed 
multi dimensional vector that are unknown linear mixtures of 
unknown independent source signals into components which 
are statistically as independent from each other as possible 
[6]. The theoretical development of ICA can be traced back to 
earlier 90s of last century; it was first introduced by C.Jutten 
and J.Herault in their seminal paper [8] and earlier by C.Jutten 
in his PHD thesis in French. Then in 1994, P.Common first 
applied the ICA technique to blind separation of sources. 
Independent component analysis (ICA) method finds a linear 
transformation for non-Gaussian data, making components 
to be statistically independent or as independent as possible.
ICA is a quite powerful technique and is able (in principle) 
to separate independent sources linearly mixed in several 
sensors. For instance, when recording electroencephalograms 
(EEG) on the scalp, ICA can separate out artifacts embedded 
in the data (since they are usually independent of each other). 
Because of its high order statistical properties, it has wide 
applications in fields such as biomedical signal processing, 
mixed speech signal separation, wireless communications, 
image processing, seism, sonar and other fields. Based on 
the numbers of observed signals and source signals, ICA is 
divided into three types: Simply ICA (or positive definite) Under-
complete ICA (or over-determined) and Over-complete ICA (or 
underdetermined). 
In this paper, we first review the fundamental theory and basic 
model of ICA in section II, then we elaborate upon the math 
principle of frequently-used fast fixed-point algorithm for ICA 
and apply the algorithm in blind separation of randomly mixed 
images in section III and section IV respectively, finally some 
conclusions are drawn in section V.

II. Basic ICA Data Model
Consider the following linear model,
Xorig = AS + V     (1)
Where,
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Fig. 1: linear model

This model consists of N sources of T samples, i.e., si=[si(1) 
. . . si(t) . . . si(T)]. The symbol ‘t’ represents time, but could 
represent some other variable, e.g., space. The observations 
Xorig consists of K mixtures of the sources, where,  Xorig,i=[xi(1) 
. . . xi(t) . .xi(T)]. Usually it is assumed that there are at least 
as many observations as sources i.e., K>=N. The sources and 
the observations are related by a K × N matrix. A=[a1 a2 . . 
. aN] consisting of the vectors ai=[a1i a2i . . . aKi]. This linear 
mapping is called the mixing matrix. The model assumes some 
noise which may consider being Gaussian. Fig. 1 shows the 
schematics of the above problem. Fig.2 shows two original 
signals and their mixtures.
Recovering the unknown parts A and S from fig. 1 is a problem 
under the domain of linear source separation. Solution to the 
linear source separation problem is not possible, if there is no 
information on some of the variables A or S, in addition to the 
observed (known) data Xorig. If the mixing A is known and the 
noise is negligible, the sources can be estimated by finding 
the (un-mixing) matrix B, the (pseudo) inverse of the mixing 
matrix A, for which BXorig=BAS=S fig. 1. If there are as many 
observations as sources, then A is square and has full-rank, 
hence B = inverse(A). The full-rank assumption is the necessary 
and sufficient condition for the existence of the pseudo-inverse 
of A. When there are more observations than sources, there 
exist several matrices B that satisfy the condition BA = I. In 
this case, the choice of B depends on the components of S 
that we are interested in. For cases where there are fewer 
observations than sources, a solution does not exist unless 
further assumptions are made. Now the rank of A is less than 
the number of sources. There are some redundancies in the 
mixing matrix, and hence further information is required.

Fig. 2: Schematic illustration of mixing and separation

On the other hand, if no non-trivial prior information about the 
mixing matrix A is known or assumed, this problem of estimating 
the matrices A and S is referred to as blind source separation 
(BSS). The model defined in fig.2, with negligible noise, is then 
separable under the following fundamental restrictions [1]:
(R1) the components of S are statistically independent;
(R2) at most one component of S is Gaussian distributed;
(R3) the mixing matrix A is of full rank. 
Assume a model of ‘n’ observe linear mixtures x1, x2, ……,xn of n 
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independent components. xj = aj1 s1+ aj2s2 +.....+ ajnsn for all j
Now dropped the time index t; in the ICA model, assume that 
each mixture xj as well as each independent component sk is a 
random variable, instead of a proper time signal. The observed 
values xj( t) , e.g., the microphone signals in the cocktail party 
problem, are then a sample of this random variable. Without 
loss of generality, assume that both the mixture variables and 
the independent components have zero mean: If this is not 
true, then the observable variables xi can always be centered 
by subtracting the sample mean, which makes the model zero-
mean. It is convenient to use vector-matrix notation instead 
of the sums like in the previous equation. X denoted by the 
random vector whose elements are the mixtures x1,x2,….,xn, 
and likewise by s the random vector with elements s1,s2,….,sn. 
Let us denote by A the matrix with elements aij. Generally, bold 
lower case letters indicate vectors and bold upper-case letters 
denote matrices. All vectors are understood as column vectors 
thus xT , or the transpose of x, is a row vector. Using this vector-
matrix notation, the above mixing model is written as
x = As            (2)
Sometimes we need the columns of matrix A; denoting them 
by aj the model can also be written as

i

n

i
i sax ∑

=

=
1

            (3)

The statistical model is called independent component analysis, 
or ICA model. The ICA model is a generative model, which 
means that it describes how the observed data are generated 
by a process of mixing the components si. The independent 
components are latent variables, meaning that they cannot 
be directly observed. Also the mixing matrix is assumed to 
be unknown. All we observe is the random vector x, and we 
must estimate both A and s using it. This must be done under 
as general assumptions as possible. The starting point for 
ICA is the very simple assumption that the components si are 
statistically independent. It will be seen below that we must 
also assume that the independent component must have non-
Gaussian distributions. However, in the basic model we do 
not assume these distributions known (if they are known, the 
problem is considerably simplified.) For simplicity, we are also 
assuming that the unknown mixing matrix is square, but this 
assumption can be sometimes relaxed. Then, after estimating 
the matrix A, we can compute its inverse, say W, and obtain 
the independent component simply by:
s =Wx.             (4)
ICA is very closely related to the method called blind source 
separation (BSS) or blind signal separation. A “source” means 
here an original signal, i.e. independent component, like 
the speaker in a cocktail party problem. “Blind” means that 
known very little, if anything, on the mixing matrix, and make 
little assumptions on the source signals. ICA is one method, 
perhaps the most widely used, for performing blind source 
separation.

III. Various ICA Algorithms
There exist several algorithms performing ICA. The choices 
include FAST ICA Algorithm. FAST ICA is based on maximization 
of non-Gaussiaity [3]. The operation FASTICA is as given below 
[5].

Center the data to make its mean zero1. 
Whiten the data2. 
Choose m, the number of ICs to estimate. Set counter 3. 

p=1
Choose an initial (random) value of unit norm for W4. p

 Let Wp← E [Xg(WTX)]  ─  E[Xg1(WTX)]          (5)            
Do the following orthogonalisation:5. 

Wp ← Wp ─ ∑
−

=

1

1

p

j [Wp
T Wj]Wj 

                       (6)
Let         Wp  ← Wp ∕║Wp ║

If    W6. p   has not converged, go back to step 5.
Set   p←p+1. If p≤m, go back to step 4.7. 

Where “g” is the first derivative of contrast function.

A. JADE Algorithm
Another signal source separation technique is the Joint 
Approximation Diagonalisation of Eigen matrices (JADE) 
algorithm [6]. This exploits the fourth order moments in order to 
separate the source signals from mixed signals. The operation 
of JADE is as given below: 

The Whitening matrix P and the set Z=PX are estimated. 1. 
The fourth cumulants of the whitened mixtures 2. Z

iQ̂  are 
computed. Their m most significant eigen values λi and 
their corresponding eigen matrices Vi are determined. An 
estimate of the unitary matrix R is obtained by maximizing 
the criteria λiVi by means of joint diagonalisation. If λiVi 
cannot be exactly jointly diagonalised, the maximization of 
the criteria defines a joint approximate diagonalisation. 
An orthogonal contrast is optimized by finding the rotation 3. 
matrix R such that the cumulant matrices are as diagonal 
as possible, that is, the equation 

 
∑=

i

Z
i

T

R
RQRoffR )ˆ(minarg

          (7)
The matrix A is estimated as Â = R*4. 1−P  and the components 
are estimated as 

 Ŝ = 
1ˆ −A *X            (8)  

B. SHIBBS Algorithm 
Another signal separation technique is Shifted Block Blind 
Separation (SHIBBS) [7] to estimate the de-mixing matrix W. 
The operation of SHIBBS is as given below:

A fixed set X = {X1. 1, . . . ,Xm} of m × n matrices is selected. A 
Whitening matrix P and set Z=PX are estimated. 
The set 2. }1)(ˆ{ MpXQ m

Z ≤≤  of M cumulant matrices is 
estimated and a joint   diagonalizer R of it is found. 
 If R is close enough to the identity transform, stop. 3. 
Otherwise, the data is rotated using the equation ZRZ T=  
and step 2 is repeated. 
Then the demixing matrix W = RP is used to estimate the 4. 
independent componets Ŝ =WX.

SHIBBS algorithm is implemented in the same way as JADE 
is done. But the joint diagonalization of the significant eigen 
matrices is done without going through the estimation of the 
whole cumulant set and through the computation of its eigen-
matrices. 

C. RADICAL Algorithm
The RADICAL (Robust, Accurate, Direct Independent Component 
Analysis Algorithm) [8] estimates the independent sources 
using differential entropy estimator based on ‘m’-spacing 
estimator. 
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The data vectors X1, X2… XM are assumed to be whitened using 
the whitening matrix P. Let m be the size of spacing. The value 
of ‘m’ is taken as N  where N is the number of samples in 
each source. Let R be the number of replicated points per 
original data point to eliminate the local minima problem. Let 
σ be the standard deviation of replicated points. For N < 1000, 
σ = 0.35 and for N ≥ 1000, σ = 0.175, where N is the number 
of samples in each source before replication. Let K be the 
number of angles for which cost function has to be evaluated. 
The optimum value of K here is 350. 

For each of M-1 sweeps (or until convergence), where M 1. 
is the number of sources. 
For each of M(M-1)/2 jacobi rotations for dimensions (p, 2. 
q). 

 (a) A pair of whitened mixture is taken (Zp,Zq). 
 (b) Create Z’ by replicating R points with Gaussian   
 noise for each original point. 
 (c) For each θ in K number of angles, the    
 augmented data are rotated to this angle 

                                   ZRY ′×= )(q  
 (d) The Jacobean matrix for the optimal θ is formed  
 and it is incorporated into the   rotation matrix R.   
 The optimal θ is one which yields the minimum   
 Vasicek  estimator value for the rotated pair. 

The final rotational matrix R is the accumulation of all the 3. 
jacobi rotations of optimal θ. 
The demixing matrix W = RP and the estimated sources 4. 
Ŝ =WX are obtained. Straightforward principles underly in 
RADICAL algorithm :
Directly optimizes a measure of statistical independence, • 
rather than a substitute for this measure.
It avoids explicit estimation of probability densities as an • 
intermediate step. 
Since the objective function involves one-dimensional • 
entropy estimation it employ a well known rapidly converging 
and computationally efficient estimator of entropy.

IV. Proposed Algorithm
Maximation of non-Gaussianity is an intuitively pleasing method 
for doing ICA. The basic thought is that any mixing of signals will 
produce an output which is more Gaussian than the original 
signals, and hence the objective in achieving separation should 
be to maximize non-Gaussianity. Justification of this can be 
found in the Central Limit Theorem, which states that the 
distribution of a sum of independent random variables tends 
towards a Gaussian distribution.

Take mixed data (no. of mixed data sample ≥ no. of 1. 
sources)
Start with random points2. 
Whiting the data3. 
Calculate independence by multiplying matrix4. 
Calculate moments (3rd and 4th moment)5. 
Calculate the nonlinearities (scores) for each signal6. 
Use tanh function and then calculate min max of the 7. 
signal
Choose m, the number of ICs to estimate. Set counter p 8. 
←1
Choose an initial (random) value of unit norm for W9. p
Let W10. p←E[Xg(W

TX)]─E[Xg1(WTX)]

Do the following orthogonalisation:11. 

Wp ← Wp ─ ∑
−

=

1

1

p

j
[Wp

T Wj]Wj

Let         Wp  ← Wp ∕║2Wp ║
 If    W12. p   has not converged, go back to step 9.
Set   p←p+1. If p≤m, go back to step 8.13. 

Where ‘g’ is the first derivative of contrast function.

V. Simulation Results
For this paper in simulation 1000, 10000, 1000000 samples 
of sine and square wave of different frequencies have been 
taken; mix these two signals in a random proportion to get the 
mixed signals. Using the proposed and two other algorithms 
original signals recovered from the mixed data.
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Fig. 3: Input signals
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Fig. 4: Mixed signals
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Fig. 5: Recovered signals using proposed algorithm
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Table 1 :comparison
Algorithm SNR Convergence steps
Proposed algo. 15.1304 2
FAST 12.1270 3
JADE 15.3258 4

The SNR is defined as:
SNR 10lg (PS / PN) (dB)         (10)
Where PS is the power of signals, PN is the power of noise.

VI. Conclusion
Contrast to other gradient based algorithms; the algorithm is 
computationally simple, provides fast convergence and does 
not need choose any learning step sizes. This means that the 
algorithm is an appealing method and easy to use. We have 
confirmed by computer simulations that the derived algorithm 
has shown excellent performance. As the operating frequency 
increased there is increase in convergence steps and also 
decrease in SNR. 
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