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Abstract − The paper presents comparative assessment of Blind Source Separation methods
for instantaneous mixtures. The study highlights the underlying principles of Principal
Component Analysis (PCA) and Independent Component Analysis (ICA) in this context.
These methods have been tested on instantaneous mixtures of synthetic periodic signals,
monotonous noise from electromechanical systems and speech signals. In particular,
methods based on Nonlinear PCA, Maximum Entropy, Mutual Information Minimization
and Fast ICA, have been compared for their separation ability, processing time and
accuracy. The quality of the output, the complexity of the algorithms and the simplicity
(implementation) of the methods are some of the performance measures which are
highlighted with respect to the above signals.
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1. Introduction
The problem of Blind source separation (BSS) has received considerable attention in recent years because of
its significant potential applications spanning over a wide range of diverse disciplines like sonar and radar signal
processing, telecommunications, array signal processing [1], wireless communication, geophysical exploration,
biomedical signal processing [49-51][2-4][55], speech and image processing[52][65].
The objective in a basic BSS problem is to extract unknown source signals that are mutually independent
from the observed signals obtained from the sensors. The separation task becomes indispensable as the sources
are mixed by an unknown medium and finally the mixed signals are delivered by the sensors. The term ‘blind’
stresses the fact that the mixing structure is unknown.
Multidimensional data analysis plays a major role in solving BSS problems. Proper representation of
multivariate data commonly encountered in signal processing, pattern recognition, neural networks and statistical
analysis is essential for visualization of the underlying geometry of the data structure. Linear transformations are
used to exploit possible dependencies and reduce dimensionality of the multivariate data sets. Principal
Component Analysis (PCA) and Independent Component Analysis (ICA) are the two prominent methods for
linear transformation. Particularly ICA has been very effective in separating independent sources from the mixed
signals. Hence, the principles of ICA are essential to deal with the issues of BSS.
The problem of Blind source separation (BSS) arises in many application areas where ICA methods can be
used as a solution [69-70]. Several instances are highlighted: ICA methods have been successfully applied in real
time applications like extraction of fetal electrocardiogram from abdominal recordings [2][53], removal of
artifacts in EEG signal and analysis of seizures [54][13][56]. In radar applications ICA methods can be
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employed to enhance the quality of remote sensing data in a synthetic aperture radar imagery unit [57]. In radio
communication, ICA method is applied to the observations corresponding to the outputs of several antenna
elements which also include the effects of mutual couplings of the antenna elements to effectively separate out
the individual transmitted signals. In wireless communication, ICA is applied to the received signal to extract the
actual transmitted signal which has been transmitted through an unknown channel [58]. Recent developments in
ICA utilities have been in text document clustering [59], facial feature representation [60], financial data analysis,
neurobiological signal processing [61] and speech processing. In speech processing ICA finds applications in
separation of multiple speakers, cancellation of reverberation, analysis of speaker variations [62], speaker
recognition [64] and extraction of speech features [63].
This paper focuses on the most popular methods such as standard PCA [5-6], neural implementation of
nonlinear PCA [14-16], ICA based on information theoretic approaches [7-8][10-12] and fastICA [17][19] for
solving the BSS problem. The paper is organized as follows: Section 2 discusses the blind source separation
technique. Section 3 presents PCA. The necessary background on ICA [27][28] and four major techniques of
ICA are described in section 4. Section 5 focuses on the results for both self generated data and real world data
and Section 6 on the discussions pertaining to the performance related issues. Section 7 is the conclusion of the
work.

2. The Blind Source Separation Problem
The problem of source separation concerns extracting source signals from their mixtures. The observations
are obtained at the output of a set of sensors, each receiving a different combination of the source signals.
Separation may be achieved in different ways according to the amount of prior information available. BSS [3738] seeks to recover original source signals from their mixtures without any prior information on the sources or
the parameters of the mixtures. In other words the BSS problem can be stated as the estimation of n sources from
m measurements that are unknown function of the sources. The basic BSS model is shown in Figure 1. In the
figure, the source data i.e., s(n) are mixed by a mixing matrix A to produce x(n) that serve as sensor data.
Optimization algorithms like the ICA act on x(n) to produce a separating matrix W that has the capability to
extract the original sources y(n) i.e., replica of s(n) from the mixed sources.

Optimization
Algorithm

s(n)

Source vector

Mixer
A

x(n)

Demixer
W

y(n)
Output vector

Observation vector
Figure 1. The basic block diagram of the BSS process

In the noise free linear instantaneous underdetermined case, the number of observations is smaller than the
number of sources. The observation vector can be expressed as a linear transformation on the source vector as
given by:
As=x
where
A → is the mixing matrix (m× n )
s → is the source vector (n × 1) components
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x → is the observation vector (m × 1) components
m ≥ n → over determined

m < n → under determined.

If the number of measurements is greater than or equal to the number of sources (m>n), it is possible to
separate statistically independent sources under the condition that one of them is Gaussian. This represents an
over-determined case. Once the mixing matrix is known, the sources can be obtained by the matrix-inversion
when m=n. Similarly the sources can be estimated by using the pseudo inverse, when m>n. But there is no
unique inverse when m<n, which means that there exist an infinite number of source vectors that are solutions of
the above linear model. The solution to the Blind Source Separation problem [47] depends on issues like:
• mixture is linear or non-linear,
• mixing process is time varying or time invariant,
• mixing operation is convolutive or non-convolutive (instantaneous),
• sensors are noisy or noise-less and
• relation between number of sources (n) and number of measurements (m)

2.1 Basic BSS Model
Most of the linear BSS models in the simplest form can be expressed algebraically as:
x(k ) = As(k ) + n(k ) for k=1,2,3,……,N
where x(k) = [x1 (k ) x 2 (k ) L x m (k )]T , is a vector of the observed signals at the discrete time instant k,

s(k) = [s1 (k ) s 2 (k ) L s n (k )]T , is a vector of the source components at the same time instant, n(k) is the
additive noise independent of sources. The source signals are assumed to be statistically independent. A is the
non-singular mixing matrix having dimension ( m× n ). The problem can be formulated as the computation of an
unmixing or separating matrix W, whose output y is given by y = Wx , y being an estimate of the vector s of the
source signals.
The basic BSS model considers as many sensors as sources (m=n), nonconvolutive mixtures, and noise free
observations. The mixing can be instantaneous or convolutive. Instantaneous mixing can be seen in studio
recordings, where audio signals are mixed using a mixing desk, without any delay or reverberations. In
biomedical applications such as fMRI [18] and EEG, signals and images are almost all instantaneous mixture
problems.
For instantaneous noise-free mixing, we have:
x = As and y = Wx

where the task is to recover the original sources by finding W ,which is theoretically equal to the inverse of the
unknown matrix A, i.e., W = A −1 , so that y is as close as possible to s.
Different approaches are available to BSS [20-21][48]:
• When stationary sources are assumed to be independent and identically distributed (iid) with no
temporal structure, Higher Order Statistics (HOS) [23-26] can been used to solve the BSS problem. This
method does not allow more than one Gaussian source.
• If sources are temporally correlated but spatially uncorrelated, then Second Order Statistics (SOS) is
sufficient to estimate the mixing matrix. But SOS [22] methods can not separate sources having
identical spectral shapes.

3. Principal Component Analysis
A common task in data analysis is to find an appropriate representation of multivariate data describing their
essential structure. PCA is a way of identifying the underlying geometry in data and expressing them in such a
way as to highlight their similarities and differences. It is a simple, nonparametric method of extracting relevant
information from confusing data sets found in many fields- from biomedicine to computer graphics. The main
advantage of PCA is that it provides a roadmap:
• To reduce a high dimensional complex data set to a lower dimension without much loss of information
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• To reveal the hidden dynamics underlying the data. This technique is used in image compression.
PCA can be termed as a linear transformation method which can express the data as a linear combination of
its basis vectors.
Let X and Y be m×n matrices related by a linear transformation P. X is the original observed data set and Y
is the representation of that data set.
Y = PX
(1)
Eq.(1) represents a change of basis. P is a matrix that transforms X into Y and the rows of P, are a set of new
basis vectors for expressing the columns of X.
The covariance matrix of the input data space X is given by:
⎛ 1 ⎞
T
Sx = ⎜
⎟[ XX ] ,
⎝ n −1⎠

where n is the number of samples.
Sx is square and symmetric matrix. The diagonal terms of Sx are the variance of the particular measurement
types. As multiple sensors record the same dynamic information, the covariance matrix describes all
relationships between pair of measurements. So, redundancy is removed when covariance between separate
measurements become negligible. In an optimized covariance matrix, all off diagonal terms are small.
To diagonalize the covariance matrix, S y = [YYT ] /(n − 1) , the PCA selects a normalized direction in the mdimensional space along which the variance is maximized. It then finds another direction perpendicular to the
previous one along which variance is maximized. The search continues until m directions are selected. The
resulting ordered set of p are the Principal Components, i.e., P = [p 1 p 2
pm ] T .

3.1 Assumptions in PCA
•
•

•
•

The basic assumption about PCA is that it is a linear transformation. Extension to the basic algorithm
has been possible by applying non-linearity prior to performing PCA, which is popularly known as
kernel PCA.
Additional assumption in PCA is that the mean and variance entirely describe a probability distribution.
The only zero-mean probability distribution that is fully described by the variance is the Gaussian
distribution. Hence the probability distribution of the data vector must be Gaussian. If data vectors are
not Gaussian distributed, then diagonalizing a covariance matrix might not give satisfactory results.
This assumption formally guarantees that the Signal to Noise Ratio (SNR) and the covariance matrix
fully characterize the noise and the redundancies.
One important assumption that makes PCA soluble with linear decomposition techniques is that the
principal components are orthogonal.
PCA assumes that large variances have important dynamics like high SNR and hence principal
components associated with larger variances represent interesting dynamics while those associated with
lower variances represent noise.

3.2 Limitations of PCA
•
•
•

PCA is a way of encoding second order dependencies by finding the directions of maximal variance.
It decorrelates the input data but doesn’t address the higher order dependencies. It uses second order
methods to reconstruct the signal in the mean square sense.
In PCA, the data are represented in an orthonormal basis determined by the second order statistics
(covariances) of the input data. Such a representation is adequate for Gaussian data but non-Gaussian
data contain a lot of additional information in its higher order statistics. So, PCA fails to detect sources
with non-Gaussian distribution.

Though the assumptions in PCA are too stringent, there might be situations where principal components
need not be orthogonal, distributions along each dimension (xi) need not be Gaussian and the largest variances
don’t correspond to meaningful axes. These problems can be solved by Independent Component Analysis (ICA),
a recently developed technique which can be thought of as an extension to PCA. The ICA abandons all
assumptions considered in PCA except linearity and finds direction of maximal independence in non-Gaussian
data.
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4. Independent Component Analysis
Independent Component Analysis (ICA) is a data model with different applications and Blind source
separation is an application that can be solved using various theoretical approaches including but not limited to
ICA. Potential applications of ICA [9] are seen in data analysis, array processing, blind deconvolution and
feature extraction.
ICA of a random vector x consists of finding a linear transformation s = Wx , so that the components s i are
as independent as possible. This can be achieved by maximizing some function F(s1 ,s2 ,......,sm ) that measures
independence.

4.1 Assumptions in ICA
The observed signals are given by:
n

x j (k ) = ∑ si (k )a(i, j ) + n j (k )
i=1

(8)

where j = 1,2 ,…,m indicates number of observations, i = 1,2,…,n indicates number of independent components,
n(k) indicates the noise sample.
Let s(k ) = [s1 (k ) s 2 (k ) L s n (k )]T , A = [a1

a 2 L a n ] , and x(k ) = [x1 (k ) x 2 (k ) L x m (k )]T .

1. The number of observed linear mixtures m must be at least as large as the number of independent
components n, i.e., m ≥ n.
2. The independence condition can be defined by stating that the joint probability density of the source
signals is equal to the product of the marginal probability densities of the individual signals, i.e.,
n

p( s) = Π p[s i (k )]

(9)

i =1

3. The source signals must be statistically independent of each other or in practice as independent as
possible (it includes uncorrelatedness). This is difficult to verify in advance because distribution of data
is not available in real world problems.
4. Each source signal must be stationary with zero mean. Only one source is allowed to have Gaussian
distribution because a linear combination of Gaussian signals is Gaussian again making it impossible to
separate them.
5. The matrix A must be of full rank. Signal x and s should be centered.

4.2 Ambiguities with ICA
1. The indeterminacy [45] associated with the ICA model is that the independent components and the
columns of the mixing matrix A can be estimated up to a multiplicative constant, because any constant
multiplying one independent component in the basic ICA model could be cancelled by dividing the
corresponding column of the mixing matrix A by the same constant. So, to make the independent
components unique up to a multiplicative sign, the sources should have unity variance.
2. There is a sign ambiguity (phase reversal or multiplication by –1) associated with the separated sources
without affecting the model.
3. The order of the independent components can not be determined, i.e., the estimated source signals may
be recovered in a different order. This is again due to the fact that the s and A matrices are unknown in
the basic ICA model.

4.3 ICA Methods
Two categories of ICA algorithms exist. In the first type, source separation can be obtained by optimizing an
objective function [30-31] which can be a scalar measure of some distributional property of the output y. More
general measures are entropy, mutual independence, divergence between joint distribution of y and some given
mode and higher order decorrelation.
The ICA method can be formulated as optimization of a suitable objective function which is also termed as
the contrast function. The problem in optimization of contrast function is that, they rely on batch computation
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using the estimated higher order statistics of data or lead to complicated adaptive separation. It is often sufficient
to use simple higher order statistics such as kurtosis, which is a fourth order cummulant with zero time lags. The
kurtosis for the ith source signal s(i) is given by:

[

] {

} [{

Cum s( i )4 = E s( i )4 − 3 E s( i )2

}]

2

(10)

If s(i) is Gaussian, then its kurtosis is zero. Source signals that have negative kurtosis are called subGaussian and have a probability distribution flatter than usual Gaussian distribution. Source signals having a
positive kurtosis are called super-Gaussian and have a probability distribution with sharp peaks and longer tails
than the standard Gaussian ones. A contrast function based on kurtosis is given by:

[

n

]

n

{

} [{

J1( y ) = ∑ Cum y( i )4 = ∑ E y( i )4 − 3 E y( i )2
i =1

i=1

}]

2

(11)

It is maximized by a separating matrix W, if the sign of kurtosis is same as all the source signals. For prewhitened input vector x and orthogonal separating matrices, E[ y (i ) 2 ] = 1 and (11) reduces to E[ y (i ) 2 ] − 3 .
Therefore, J1(y) is maximized, when

∑i =1 E[ y (i) 4 ]
n

is minimized for sources having negative kurtosis and

maximized for sources with positive kurtosis.
The second category uses neural implementation of ICA algorithms like non-linear PCA subspace learning
[32-33] for achieving source separation. In this category, there are adaptive algorithms [49] like minimum
mutual information method [34] and maximum entropy method [35] derived from information theoretic
approach based on stochastic gradient optimization.

4.4 ICA using Neural Network
The basic neural network architecture to perform the separation of source signals is shown in Figure 2. The
figure shows that the entire process of source separation requires three stages, i.e., whitening, separation and
estimation.
Q

V
WT

v

y

x̂

x
whitening

separation

estimation

Figure 2. The ICA Network
In our discussion, we have taken: m = n, i.e., number of sources same as number of sensors. Feedback
connections (not shown) are needed in the learning phase, but after learning these networks become feed forward,
if data is stationary. Though the input-output mappings of the ICA network are linear after learning,
nonlinearities must be used in the learning phase, so as to introduce higher order statistics into computations for
achieving independence. This network is used in robust non-linear PCA learning algorithms. Each of the three
layers shown in Figure 2 performs one of the processing tasks required to complete the process of ICA, i.e.,
preprocessing, separation and estimation of basis vectors. Any of these three tasks can be done either neurally or
by conventional means. If the task is mere source separation, then the last layer is not needed.
The learning algorithms for all three phases are described under the heading of whitening, separation and
estimation of ICA basis vectors.
Whitening is a critical procedure that makes the data suitable for separation algorithms to converge faster
and to have better stability properties. Before whitening, preprocessing is done to ensure that the observed
signals have zero mean and unity variance. On the other hand whitening can make the separation problem more
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difficult, if the mixing matrix is ill-conditioned or if some of the source signals are relatively weak compared to
the other signals. Process of whitening can be thought of as a transformation which converts the observed data
x(k) to a new vector, v(k) called as whitened vector with the help of a whitening matrix V so as to ensure,
E v(k ) v (k )T = I (identity matrix) . The process can be mathematically expressed as:

{

}

v(k ) = Vx(k )

(12)

The components of the whitened vector must be mutually uncorrelated and normalized to have unity
variance. The whitening matrix can be determined by using a batch approach or by neural learning. The batch
approach uses standard PCA technique to determine the whitening matrix as given by:
V = D -1 2 E T
(13)
where D is a diagonal matrix with diagonal elements as eigen values of the covariance matrix
C = E x(k )x(k ) T and E is the matrix containing eigen vectors of C. PCA is used in most of the over
determined cases as it helps in reducing noise. The whitening matrix can also be learned using a simple neural
algorithm as follows:
V (k + 1) = V (k ) − µ (k )[ v(k ) v T (k ) − I]V(k )
(14)

{

}

where µ(k) is the learning rate parameter and can be adjusted as given by:
1
.
µ (k ) =
2
γ / µ (k − 1) + V (k ) 2

(15)

In (15), γ is the forgetting factor and lies in the range 0<γ≤1.0.

4.5 Non-linear PCA subspace learning
Neural implementation of the separating algorithm under unsupervised category for learning the separating
matrix W is presented here [29][46]. The second stage of the ICA network is responsible for the separation of
the whitened signals, v( k ) . The linear separation transformation is given by:
y(k ) = W T v(k )

(16)

The separated signals are the outputs of the second stage, i.e., sˆ(k ) = y (k ) where sˆ(k ) is the estimated source
signals.
The non-linear PCA subspace learning rule [16] is given by:
W(k + 1) = W(k ) + µ (k){v (k ) - W(k )g[y (k )]}g[y T (k )]

(17)

where v(k ) is the whitened input vector, µ(k) is known as the learning rate parameter and is usually positive,
g(.) is a suitably chosen odd non-linearity, providing stability in the process of separation. This is a stochastic
gradient descent algorithm which tries to minimize or maximize the performance criterion, i.e., sum of fourth
moments (kurtosis). The performance criterion is expressed as:
n

J (W ) = ∑ E{ f [y (i )]}

(18)

i =1

The objective function chosen for this is f (t ) = β 2 1n[cosh(t / β )] . The derivative of f(t) is g(t) and is given
by: g (t ) = f ′(t ) = β tanh (t / β ) . If β =1 then, g (t ) = f ′(t ) = tanh(t ) .
The Taylor’s series expansion of f(t) for β =1 is given by f(t) = ln[cosh(t)] = t2/2 –t4/12 + t6/45 -…, and that
of g(t) can be written as g (t ) = t − t 3 / 3 + 2t 5 / 15 − LLL .
The second order term t2/2, in the Taylor’s series expansion of f(t) remains on an average constant due to
whitening and the cubic term in the non-linearity g(t) will dominate and the learning rule will converge to a
separating matrix W. But the columns of W are not exactly orthonormal. In this learning rule, the term
v(k )g[y T (k )] is responsible for learning the separating matrix W, while the other terms play the role of
stabilizing and normalizing W. The problems associated with this algorithm are the choice of parameters i.e., β,
µ, γ, and the knowledge about the nature of the mixing matrix A.
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Figure 3. Maximum Entropy Method

4.6 Maximum Entropy Method
This is an adaptive algorithm based on information theoretic approach and was suggested by Bell &
Sejnowski [7]. The block diagram in Figure 3 explains the maximum entropy method for blind source separation.
The demixer operates on the observed data X to produce an output Y = WX, which is an estimate of source
S. The output Y is transformed into Z by passing it through a non-linearity G(⋅), which is invertible and
monotonic. For a given non-linearity G(⋅), the maximum entropy method produces an estimate of source S by
maximizing the entropy h(Z) with respect to W. The mathematical representation of the whole process may be
given as follows:
⇒ S = A -1 W -1G -1 (Z) = ψ (Z)

Z = G(Y) = G (WAS)

(19)

-1

where G is the inverse non-linearity.
The probability density function of the output Z is defined in terms of that of the source S by
f [Z(z )] =

f [S(s)]
det (J (s))

s =ψ (z)

where det (J (s)) is the determinant of the Jacobian matrix J(s). The ij-th element of the matrix J(s) is defined by
J ij = ∂z i / ∂s j . Hence, the entropy of the output Z at the output of the non-linearity G(⋅) is
⎡ ⎛ f (s)
S
h(Z) = − E [log f Z (z )] = − E ⎢log⎜
⎢⎣ ⎜⎝ det (J(s))

⎞⎤
⎟⎥
= − D fs det (J ) evaluated at s = ψ (z ) .
⎟⎥
⎠⎦ s =ψ (z)

Hence, maximizing the entropy h(Z) is equivalent to minimizing the Kullback-Leibler divergence between
f S (s) and a probability density function of S, defined by det (J(s)) .
If the random variable z i ( ith element of z ) is uniformly distributed inside the interval [0,1] for all i, then the
entropy h(z) is equal to zero. Accordingly,
⎡ ⎛ f (s)
S
h(Z) = − E [log f Z (z )] = − E ⎢log⎜
⎢⎣ ⎜⎝ det (J(s))

⎞⎤
⎟⎥
⇒ f S (s) = det (J (S))
⎟⎥
⎠⎦ s =ψ (z)

Under the ideal condition, W = A -1 , the above relationship reduces to
∂z i
for all i.
∂y i z = g (s )
i
i
Conversely, the results from Maximum Entropy Method may be stated as follows:
Let the non-linearity at the demixer output be defined in terms of the original source distribution as
f Si (si ) =

zi

z = g i(yi ) = ∫ f S (si ) dsi , for i = 1,2,L , n
i
i
−∞

Then, maximizing the entropy of the random vector z at the output of the non-linearity G is equivalent to
W = A -1 , which yields perfect blind source separation. The maximum entropy and maximum likelihood
methods for blind source separation are equivalent under the condition that the random variable z i is uniformly
distributed inside the interval [0,1] for all i. This relationship may be proven with the help of chain rule of
calculus as
n ∂z
∂z i ∂y i ∂x i
= ∑ i wik a kj
k =1 ∂y i
k =1 ∂y i ∂xi ∂s i
n

J ij = ∑
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The Jacobian matrix J is expressed as J = DWA , where D is a diagonal matrix given by
⎛ ∂z ∂z
∂z ⎞
D = diag ⎜⎜ 1 , 2 ,........., n ⎟⎟ .
∂y n ⎠
⎝ ∂y1 ∂y 2
∂z i
.
∂
i=1 yi
n

Hence, det (J ) = det (WA ) ∏

In the light of the above equation, an estimate of the probability density function f S(s) parameterized by the
weight matrix W and the non-linearity G may be written formally as
n ∂g (y )
f S(s|W,G) = det (WA ) ∏ i i
i =1 ∂yi
Therefore, under the above condition, maximizing the log-likelihood function {log f S(s|W,G)} is equivalent to
maximizing the entropy h(Z) for blind source separation.
Referring to the expression h(Z ) = − E [log f Z (z )] = − E log ( f S (s ) / det (J (s )) ) s =ψ(z) , it is seen that since the

[

]

source distribution is fixed, maximizing the entropy h(Z) requires maximizing the expectation of the
denominator term {log det (J (s)) } with respect to the separating matrix W.
To do the computation using an adaptive algorithm that will maximize the objective function, the
instantaneous objective function φ may be considered as:

φ = log det (J )

(20)

On expanding (20), we get:
n
n ∂
⎛ ∂z ⎞
⎛ ∂z ⎞
∂φ
= W -T + ∑
log ⎜⎜ i ⎟⎟ .
φ = log det (A ) + log det (W ) + ∑ log⎜⎜ i ⎟⎟ and
(21)
∂W
i =1
i =1 ∂W
⎝ ∂yi ⎠
⎝ ∂yi ⎠
The non-linear function should be judiciously selected to deal with the super-Gaussian, sub-Gaussian, stationary
and non-stationary signals. The popular non-linearities used are logistic function and hyperbolic tangent
function:
1
zi = g( yi ) =
zi = g( yi ) = tanh( yi ) i=1,2,…,n
1 + e- y i
The non-linear functions should be monotonic and invertible.
Finding out ∂φ / ∂W using the above non-linearity, we obtain ∂φ / ∂W = W -T + (1 − 2z )x T , where x is the
observed source vector, z is the non-linearly transformed output vector and 1 is a corresponding vector of ones.
Using the steepest ascent method to maximize the entropy h(Z), the change in weight matrix W is given by
∂φ
∆W = η
= η W -T + (1 − 2z )xT , where η is the learning rate parameter. The generalized final version for
∂W
the update on W or the learning rule is obtained by using the natural gradient, which is equivalent to multiplying
the expression for ∆W by WT W instead of evaluating W -T as given below:

(

)

(

)

(

)

∆W = η(W -T + (1 − 2z )xT )W T W = η I + (1 − 2z )(Wx)T W = η I + (1 − 2z )yT W

(

)

W (k + 1) = W (k ) + η I + (1 − 2z (k ))y T (k ) W (k )

(22)

where y is the output of the demixer before passing through the non-linearity, I is the unity matrix and η is a
fixed learning rate parameter with value less than 1.
The algorithm gives better result when applied on pre-whitened data. It is sensitive to the learning rate
parameter and works better for super-Gaussian signals.

4.7 Minimization of Mutual Information
This is another adaptive algorithm that uses information theoretic approach [11][35]. To retain statistical
independence between the estimated source signals, a possible measure is to minimize the mutual information
between them, i.e., I(yi: yj) = 0, where yi and yj constitute two independent components of the output vector y and
I(⋅) is the mutual information. Minimizing the mutual information is same as minimizing the Kullback-Leibler
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divergence between (1) the parameterized probability density function f y (y, W ) and (2) the corresponding
n ~
~
~
factorial distribution defined by f y (y,W ) = ∏ f yi ( yi ,W ) , where f y i ( yi ,W ) is the marginal probability density
i =1

function of yi . The Kullback–Leibler Divergence between the probability density functions f y (y, W ) and
n ~
~
f y (y,W ) is defined as D f || ~f (W ) = −h(y ) + ∑ h ( yi ) , where h(y ) is the entropy of the random vector y at the
i =1

~
output of the demixer and h ( yi ) is the marginal entropy of the ith element of y. The BSS can be stated as : Given
any random matrix x (observed) representing a linear combination of n independent source signals, the
transformation of x by a neural algorithm into output y should be done in such a way that the Kullback-Leibler
~
Divergence between f y (y,W ) and f y (y,W ) is minimized with respect to the unknown parameter matrix W

(demixer). As we know,
y = Wx and h(y ) = h(Wx ) = h(x ) + log det (W ) .

The marginal entropy is difficult to calculate when y has a higher dimension and can be approximated in
terms of higher order moments of the random yi by following the expansion of Gram-Charlier series [39]. The
~
Gram-Charlier expansion of the parameterized marginal probability density function f yi ( yi ,W ) is described by
∞
~
f yi ( y i ,W ) = α ( y i )[1 + ∑ c k H k ( y i ) , where the various terms are defined as follows:
k =3

1. α( yi ) is a normalized Gaussian random variable: α( yi ) = (1 / 2π )e − yi 2 .
2. H k ( yi ) is Hermite polynomial.
3. The coefficients of the expansion, {ck : k = 3,4,....,} , are defined in terms of the cummulants of the random
variable yi. The series should be truncated after the 6th order term, because it is on the same order of magnitude
as the 4th order [39]. Following the grouping order k ={ (0), (3), (4,6), (5,7,9), …} and truncating the Gram~
Charlier series at k = (4,6), the marginal probability density function f yi ( yi ) is given by
2

(

where k i ,k

)

⎡ k
⎤
k + 10ki,23
k2
~
f yi ( yi ) ≈ α ( yi )⎢1 + i,3 H 3 ( yi ) + i,2 H 4 ( yi ) + i,6
H 6 ( yi )⎥ ,
3!
4!
6!
⎢⎣
⎥⎦
th
th
is the k order cummulant of yi . Let
mi ,k denote the k order moment of yi, i.e.,
n

mi ,k = E[ y ik ] = E[(∑ wij x j ) k ] , then, we can define k i ,k in terms of the moments as
j =1

ki ,3 = mi ,3 , ki ,4 = mi ,4 − 3mi2,2 , ki ,6 = mi ,6 − 10mi2,3 − 15mi ,2 mi ,4 + 30mi2,2 .
~
Taking logarithm on both sides of the above expression for f Yi ( yi ) , we get

(

)

⎤
⎡ k
k2
k + 10k i,23
~
log f yi ( yi ) ≈ log α( yi ) + log ⎢1 + i,3 H 3 ( y i ) + i,2 H 4 ( yi ) + i,6
H 6 ( y i )⎥ .
3!
4!
6!
⎦⎥
⎣⎢

Using (i) the expansion of the logarithm : log ( 1 + y) ≈ y − y 2 / 2 (where all the terms of order three and higher
∞ ~
~
~
are neglected), (ii) the formula for the marginal entropy of yi : h ( yi ) = − ∫ f yi ( yi ) log f yi ( yi )dyi , i =1,2,...,n,
−∞

(iii) certain integrals that involve the normalized Gaussian density α( yi ) and various Hermite polynomials
H k ( yi ) , the approximate formula for marginal entropy is given as

(

k i,23 k i,24
k i,6 + 10k i,23
~
1
h ( y i ) ≈ log (2πe ) −
−
−
2
12
48
1440
+

234
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)
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8
24
k i,34
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i,6

+ 10k i,23
432
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)
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The objective is to minimize the objective function, which is the Kullback-Leibler Divergence D f || ~f for the
source separation problem using gradient descent technique.
n
D f || ~f ( W) = −h(x) - log det( W) + log(2πe)
2
2
2
⎛k2
k i2,6 + 10 i2,3
k i2,3 k i ,6 + 10 i2,3 ⎞⎟
3 2
⎜ i ,3 k i ,4
+
+
−
−
−⎟
k
k
i ,3 i , 4
n ⎜
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48
1440
8
24
− ∑⎜
⎟
2
3
2
i =1 ⎜ k 2 k
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k i3,4
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i ,4 i, 6 + 10 i ,3
⎜
⎟
−
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(
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(23)

where the cummulants k i ,k are functions of weight matrix W.
To evaluate the Kullback-Leibler divergence as in (23), a procedure is needed to compute all higher order
cummulants of a random vector. To develop a learning algorithm by minimizing the function in (23), we
differentiate both sides of the equation with respect to W and thereby formulate the activation function ϕ (yi )

( )

∂
D ~ (W ) ≈ − W -T
∂wi,k f || f

i,k

+ ϕ( yi )xk

(24)

where ϕ( yi ) is given by:
ϕ( yi ) =

1 5 2 7 15 9 2 11 112 13
512 17
yi + yi +
yi +
yi −
yi + 128 yi15 −
yi .
(25)
2
3
2
15
3
3
It is non-monotonic in nature and yi is confined to [-1,1]. The learning rule based on gradient ascent may be
∂
formulated by defining the adjustment applied to weight wik as ∆wi,k = −η
D ~ = η W -T ik − ϕ( yi )x k .
∂wik f || f
The entire adjustment matrix may be expressed as

((

((

)

)
∆W = η [I - ϕ (y)x

)

)

∆W = η W -T − ϕ (y )x T , ϕ (y) = [ϕ ( y1 ) ϕ ( y 2 ) L ϕ ( y n )]T
yT = x T W T ,

T

]

[

]

W T W −T = η I - ϕ (y)y T W −T

The final version for the update on W or the learning rule is obtained by using the natural gradient (which is
equivalent to multiplying the expression for ∆W by WT W instead of evaluating W -T ) which may be
produced as

[

](

[

)

]

W(k + 1) = W(k ) + η(k ) I − ϕ (y (k ))y T (k ) W(k )W T (k ) W -T (k ) = W(k ) + η(k ) I − ϕ (y(k ))y T (k ) W(k )

(26)

In (26) W should be invertible and η should be small enough to maintain the estimates of cummulants reliable.
Stability is achieved when the slope of the activation function is positive.

4.8 Fast Fixed Point ICA
Adaptive algorithms based on stochastic gradient descent may be problematic when used in an environment
where no adaptation is needed. This is the case in many practical situations. The convergence is often slow, and
depends crucially on the choice of the learning rate sequence. As a remedy for this problem, one can use batch
(block) algorithms based on fixed-point iteration [17][40]. In [17], a fixed-point algorithm, namely fastICA, was
introduced using kurtosis and was later on generalized for general contrast functions. The fastICA algorithm uses
a simple, highly efficient fixed point iteration scheme to find the local extrema of the contrast function biased
output vector. The objective function based on kurtosis may be expressed as:

( )

4
J (w ) = E ⎧⎨ w T x ⎫⎬ − 3 w
⎩
⎭

( )

( )

( )

2

4

( )

+F w

2

(27)

( )

4
2 ⎤
4
4
⎡
where kurt w T x = E ⎧⎨ w T x ⎫⎬ − 3⎢ E ⎧⎨ w T x ⎫⎬⎥ = E ⎧⎨ w T x ⎫⎬ − 3 w , under the constraint ||w|| =1 and F is a
⎭⎦
⎩
⎭ ⎣ ⎩
⎩
⎭
penalty factor due to the constraint. The objective function is simplified because the data is whitened. The
learning rule has the form:
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(

(

)

)

3
2
2
T
w(k + 1) = w (k ) ± µ(k )⎡⎢x(k ) w (k ) x(k ) − 3 w(k ) w (k ) + f w(k ) w (k )⎤⎥
(28)
⎣
⎦
where x(k) is the observation sequence, µ(k) is the learning rate sequence and f is the derivative of F/2. The
expectations are removed by instantaneous values. The terms inside the square bracket are the gradients of
kurtosis (first two terms) and the gradient of F(||w||2)(third term). The gradient of F(||w||2) has the form (scalar ×
w) as long as this is a function of ||w||2 only. positive sign before the bracket means finding the local maxima and
–ve sign before the bracket means finding the local minima. The fixed points w of the learning rule in (28) are
obtained by taking the expectations and equating the change in weight (w) to zero, which may be expressed as

( )w = 0 .

( )

3
2
E ⎧⎨x w T x ⎫⎬ − 3 w w + f w
⎩
⎭

2

(29)

As the third term in (29) can be written in the form (scalar × w), the final form of (29) is

( )

3
2 ⎞
⎛
w = scalar × ⎜ E ⎧⎨x w T x ⎫⎬ − 3 w w ⎟
(30)
⎭
⎝ ⎩
⎠
The scalar term in the above equation is insignificant and the effect can be eliminated with normalization.
FastICA is neural in the sense that it is parallel and distributed, but not adaptive in the sense that instead of
using every data point immediately for learning, it uses sample averages computed over larger samples of the
data. It is a general algorithm that can be used to optimize both one unit and multi-unit contrast function. The
basic mathematical relationships are as x = As , v = Vx so that E[ vv T ] = I i.e., the elements of v are mutually
uncorrelated, where x is the observed signal, s is the source signal, V is the whitening matrix, A is the mixing
matrix and v is the whitened signal. Here, v = VAs = Bs , where B = VA is an orthogonal matrix, i.e.,

E[BBT ] = I . The objective is to determine an orthogonal matrix B that does the separation of independent
signals. The pseudo-inverse of the mixing matrix A is given by A+=BTV.

Fixed Point Algorithm for ICA: The steps of fastICA (Deflation approach, i.e., the algorithm estimates the
independent components one by one) are shown.
1. Prewhiten the observed data x to obtain v.
2. Take a random initial vector w(0) and normalize it to unity, i.e. w( 0 ) = w(0 ) / w(0 ) 2 , and set k = 1 .

(

)

3
3. Set w(k ) = E ⎧⎨x w (k − 1)T x ⎫⎬ − 3w(k-1) . The expectation operator can be estimated using a large number
⎩
⎭
of samples. Normalize w(k) to unity length. To ensure that different independent components are estimated each
time, an orthogonalizing projection is included. The columns of matrix B are orthonormal. Thus, the basic idea is
that estimation of independent components can be carried out one by one by projecting the current solution w(k)
on the space orthogonal to the columns of matrix B previously found.
~~
~
4. Set w (k ) = w(k ) − BBT w(k ) , where B is a matrix whose columns are previously found columns of B .

Set w(k) = w (k ) / w (k ) 2 , i.e., normalize w(k).

5. If w T (k )w (k − 1) is not close to 1, then set k = k + 1 and repeat step 3. Otherwise output vector w(k) .
6. Using w(k), one of the separated signals is given by s(k ) = w T (k )v(k ) . If there are n independent
components to be estimated, then the above algorithm is run for n times.
4.8.1 Estimation of Basis Vectors of ICA
ICA basis vectors can be estimated in two ways. Using the batch approach (PCA method), the matrix Â is
the estimated basis vectors and can be expressed as
ˆ = ED1 / 2 W
A

(31)

where D and E are already defined by (13) and W is the separating matrix. A neural implementation of the
algorithm for estimating the basis vectors is also available by minimizing the mean square error and is given by
J (Q) =
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1
ˆ
X−X
2

2
2

=

1
X − Qy
2

2
2

(32)
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where Q → the estimated mixing matrix (Â) and x̂ → the estimated observation matrix. Using
descent approach, the learning rule may be expressed as

the

Q(k + 1) = Q (k ) + µ(k )[x(k ) − Q(k )y (k )]y T (k )

steepest

(33)

5. Results
The performance of all the techniques presented in the previous section are tested on a variety of data and
the result of each is presented in this section. For each type, the source signal (if available), observed signal and
the separated signal are shown. The CPU time of each of the algorithms has been specified along with the
number samples for training and the number of iterations taken. For each test case the estimation of the basis
vectors of ICA was done using standard PCA. The Performance Index (PI) of the separating algorithm used for
each data type is found to be very good. All the simulations were done using Matlab 6.5 on an AMD machine
with speed of 1.8GHz.

5.1 Testing
Test 1: Three sinusoids (all deterministic) with frequencies 1000Hz, 300hz and 600Hz have been generated. The
sampling frequency chosen was 10,000Hz.The source distribution is known as the signals were artificially
generated. In the first case no noise was added to the observed data. ii)In the second case additive white
Gaussian noise was added to the observed signals to test the performance of the various algorithms. Three
signals, i.e., s1: amplitude modulated signal, s2: frequency signal and s3: uniformly random noise like signal
were generated to serve as original signals. The sampling frequency chosen was 10,000 Hz.
Test 2: The sound of induction motors running at different speeds, i.e., 1000rpm, 600rpm and 300rpm were
recorded at the chosen sampling frequency 22,050 Hz to serve as original source signals.
Test 3: Voice of two speakers were recorded at the chosen sampling frequency of 22,050 Hz.

5.2 Preprocessing
The source signals(s) in each test case were preprocessed to ensure that each has zero mean and unity
variance. The observed signals in each test case were produced by a linear combination of the source signals
with a randomly generated mixing matrix. The mixing matrix in all cases must be invertible. The observed
signals in each test case were processed to have zero mean and unity variance.
For whitening the observed data in each test case, the whitening matrix was created using the standard PCA.
The separating algorithms that work on whitened data are Non-linear PCA, fastICA, Maximum entropy ICA.
Natural gradient based mutual information minimization algorithm doesn’t require the observed data to be
whitened.

5.3 Non-linear PCA
The non-linear function chosen was: g (t ) = β tanh(t/β ).
Test 1:
i) Sinusoids without noise:
The values of µ=0.01, β=1, and γ=0.9. Number of samples considered for training = 100.
Number of iterations for proper learning and separation = 190.
The separated signals, source signals and observed signals are shown in Figure 4(a).
CPU time spent: 0.05 sec.
Correlation between source signal and estimated signal: 0.9996,-0.9997,-0.9996.
ii) Gaussian noise was added to the observed data in Test 1 as in the model as x(k) = As(k) + n(k).
The values of µ, β and γ are chosen as: µ = 0.0005 , β = 1 , γ = 0.9.
Number of samples considered for training = 10,000.
Number of iterations(epochs) for proper learning and separation = 500.
Noise in dB (additive Gaussian white) = 30.
The separated signals, source signals and observed signals are shown in Figure 4(b).
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(a)

(b)

(c)

(d)

Figure 4. (a) Nonlinear PCA (sinusoids without noise), (b) Nonlinear PCA (sinusoids with 30dB noise), (c)
Nonlinear PCA (Three induction machine signals), (d) Nonlinear PCA (Two speech signals).

CPU time spent: 15 sec.
Correlation between source signal and estimated signal: -0.9789,-0.9862,-0.9846.
Test 2 (Induction motor data)
The source data is of stationary type. Best separation results were observed for µ = 0.001, β = 1, γ = 0.9.
Number of samples considered for training = 3000.
Number of iterations for proper learning and separation = 350.
The separated signals, source signals and observed signals are shown in Figure 4(c).
CPU time spent: 3.15 sec.
Correlation between source signal and estimated signal: -0.9799, -0.9930, -0.9846.
Test 3: (Speech data) Best separation of speech signals were observed for µ = 0.1, β = 2, γ = 0.9.
Number of samples considered for training = 169248.
Number of iterations for proper learning and separation =100.
The separated signals, source signals and observed signals are shown in Figure 4(d).
CPU time spent: 19 sec.
Correlation between source signal and estimated signal: -0.9999, 0.9916.

5.4 Maximum Entropy Method
Test 1 (self generated data without noise)
Best separation results were observed when η = 0.09.
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(a)

(b)

(c)

Figure 5. (a) Maximum Entropy Method (Sinusoids without noise), (b) Maximum Entropy Method (Three
induction machine signals), (c) Maximum Entropy Method (Two speech signals)
Number of samples considered for training =1000.
Number of iterations (epochs) for proper learning and separation =100.
The non-linear function chosen was: z = tanh(y).
The separated signals, source signals and observed signals are shown in Figure 5(a).
CPU time spent: 0.094 sec.
Correlation between source signal and estimated signal (output not in order): -0.9492, -0.9730, -0.9299.
Test 2 (Induction motor data)
Best separation results were observed when η =0.002.
Number of samples considered for training =20000.
Number of iterations for proper learning and separation =1000.
The non-linear function chosen was: z i = 1 /(1 + e − yi ) .
The separated signals, source signals and observed signals are shown in Figure 5(b)
CPU time spent: 19 sec.
Correlation between source signal and estimated signal: (out of order): -0.9981, 0.9972, -0.9967.
Test 3 (Speech data)
Best separation results were observed when η =0.001.
Number of samples considered for training =169248.
Number of iterations for proper learning and separation =400.
The non-linear function chosen was: z i 1 /(1 + e − yi ) .
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(a)

(b)

(c)

Figure 6. (a) Kullback-Leibler Divergence Minimization (Self generated signals & noise), (b) Kullback-Leibler
Divergence Minimization (Three induction machine signals), (c). Kullaback-Leibler Divergence Minimization
(Two speech signals).
The separated signals, source signals and observed signals are shown in Figure 5(c)
CPU time spent: 55 sec.
Correlation between source signal and estimated signal: 0.9999, -1.

5.5 Minimization of Mutual Information
Test 1
The artificially generated signals were neither whitened nor noise-added.
Best separation results are obtained for the parameter values as η = 0.1.
Number of samples considered for training =1000.
Number of iterations for proper learning and separation =300.
The separated signals, source signals and observed signals are shown in Figure 6(a).
CPU time spent: 4.6875 sec
Correlation between source signal and estimated signal (out of order): 1, 1,-1.
Test 2 (Induction motor data)
Best separation results are obtained for the parameter values as given by: η =0.1
Number of samples considered for training = 1000.
Number of iterations for proper learning and separation =300.
The separated signals, source signals and observed signals are shown in Figure 6(b)
CPU time: 4.65 sec.
Correlation between source signal and estimated signal (not in order): -0.9976, -0.9946, -0.9998.
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(a)

(b)
(c)
Figure 7(a). FastICA Method (Sinusoids with 30dB noise), (b) FastICA Method (Three induction machine
signals), (c) FastICA Method (Two speech signal & one sinusoidal signal)
Test 3 (Speech data)
Best separation results are obtained for the parameter values: η = 0.002
Number of samples considered for training = 8000.
Number of iterations for proper learning and separation = 100
The separated signals, source signals and observed signals are shown in Figure 6(c)
CPU time: 10 sec.
Correlation between source signal and estimated signal: -0.9978, 0.9978.

5.6 Fast Fixed Point ICA
Test 1
Gaussian noise was added to the observed data in Test 1 as in the model: x(k) = As(k) + n(k).
Best separation results are obtained when 30dB noise.
Number of samples considered for training =20000.
Number of iterations for proper learning and separation =11.
The separated signals, source signals and observed signals are shown in Figure 7(a)
CPU time: 0.062 sec.
Correlation between source signal and estimated signal (out of order): 0.9979, -0.9992, -0.9993.
Test 2 (Induction motor data)
Best separation results are obtained when:
Number of samples considered for training = 45431.
Number of iterations (epochs) for proper learning and separation =14.
The separated signals, source signals and observed signals are shown in Fig.7(b).
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CPU time: 0.125 sec.
Correlation between source signal and estimated signal: -1, 1, 0.9997.
Test 3 (Speech data and a sinusoid)
Best separation results are obtained when:
Number of samples considered for training = 169248 .
Number of iterations for proper learning and separation =11.
The separated signals, source signals and observed signals are shown in Fig.7(c).
CPU time: 0.282 sec.
Correlation between source signal and estimated signal: (out of order): -0.9999, 1, 1.

6. Discussions
From the results it is seen that each of the algorithms perform reasonably well when applied on different
types of data. The performance of a separation algorithm depends on a number of factors like distribution of
source signals, learning rate parameters, nonlinearities etc. In our experiments, fastICA algorithm showed best
results in terms of convergence time and separation ability.
Nonlinear PCA produces very good results at the cost of higher convergence time. It is sensitive to the
values of µ, β and γ. Whitening the data is essential for nonlinear PCA-type algorithm to achieve good separation
results except when the mixing matrix is ill-conditioned. The reason being without whitening, the algorithm still
largely responds to the 2nd order statistics despite the nonlinear transformations. Typical nonlinear function
chosen is g (t ) = β tanh (t/β ) , where g (t ) = ∂f (t ) / ∂t and f (t ) = β 2 1n(t/β ) .The value of β plays an important
role in the process of separation. g( t ) is linear and f ( t ) is quadratic, while (t/β) lies in the range [-1, 1]. Hence
all training data lying outside the range will be rejected by the algorithm. The optimum range of β has been
found to vary between 0.7 and 10. The advantage of nonlinear PCA is that it can be realized fairly easily using
hardware by slightly modifying the standard PCA rule.
Natural gradient based mutual information minimization technique is particularly useful for solving iterative
optimization problems. The purpose of the nonlinearity used in the simplest form of the algorithm discussed in
this paper is to incorporate higher order statistics necessary to solve the BSS problem. The performance of the
algorithm strongly depends on the activation function which in turn depends upon the pdf’s of the source signals.
These algorithms are very successful when prior information about the sources i.e., super-Gaussian or subGaussian, are available. For instance: if all the sources are super-Gaussian, then nonlinear function of type
f i ( yi ) = α i yi + tanh( βi yi ) and if all sources are sub-Gaussian in nature, then nonlinear function of
type f i ( y i ) = α i y i + y i3 are suitable for separation. α i and β i are small positive constants with ( 0 ≤ α i ≤ 1).
However, if sensor signals are mixtures of both sub-Gaussian and super-Gaussian source signals the algorithm
may fail to separate these signals reliably in which case approaches like the one in [66] may be followed.
Though these algorithms demonstrate excellent performance for noiseless signal mixtures, their performance
deteriorates with noisy measurements. The algorithms based on natural gradient based mutual information
minimization technique are globally stable and exhibit good convergence behaviour for small learning rates.
Stability is achieved for a range of output variable where the activation function is positive. One disadvantage
with the technique is that mutual information is difficult to estimate requiring the estimates of the pdfs of the
source signals. Approximation of the Edgeworth or Gram-Charlier expansion of the output variable solves the
problem in some cases with some a priori information about the sources.
Maximum Entropy or Infomax algorithm is based on maximization of entropy of the ICA network which is
under some conditions equivalent to maximum likelihood approach. The Infomax algorithm can separate only
signals with positive kurtosis where as Extended Infomax [35] is capable of separating a mixture of subGaussian and super-Gaussian signals. Infomax fails when more than one source is Gaussian and the mixing
matrix is ill-conditioned. The convergence of these algorithms greatly depends upon the selection of nonlinearity.
In our experiment the speech signals and the induction machine data were best separated when the nonlinear
function was z i = 1 /(1 + e − yi ) , whereas sinusoidal signals were separated with long convergence time when
nonlinear function was z i = tanh( yi ) .
The convergence of fastICA is cubic under the assumption of ICA data model which is very fast compared
to all the other adaptive algorithms discussed in this paper. Contrary to gradient based algorithms, fastICA does
not require any learning rate parameter and hence is easy to use. The algorithm finds directly the independent
components of any non-Gaussian distribution (one source can be Gaussian) using any contrast function without
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requiring any prior knowledge on the distribution of the sources. It requires the mixing/demixing matrix to be
orthogonal which is quite impractical for noisy measurements.
The commonality in all the algorithms, i.e., Infomax or Maximum Entopy, Natural gradient based Mutual
Information Minimization, Nonlinear PCA, fastICA is the use of a nonlinear function to achieve separation. All
algorithms are adaptive in nature except fastICA which is suitable for batch processing. Except Natural gradient
based mutual information minimization method all other methods employ prewhitening. FastICA and Nonlinear
PCA techniques have the ability to separate sources from a broad class of distributions with no a priori
information about distribution of sources. The convergence properties of the adaptive algorithms i.e., Infomax or
Maximum Entropy, Natural gradient based Mutual Information Minimization, Nonlinear PCA depend largely on
the sources distribution and non-linearities used. The computational complexity for the adaptive algorithms and
the fastICA algorithm are shown in Table 1.
Table 1. Computational Complexity of Algorithms

Sl. No

Computational Complexity
(n = number of sources = number of sensors)

Algorithm

2.

Natural gradient based Mutual
Information Minimization
Maximum Entropy (Infomax)

( 2n 3 + 8n 2 + 2n ) / sample

3.

Nonlinear PCA

( n3 + 7n 2 + n + 2 ) / sample

4.

FastICA (Batch)

( n3 + 6n 2 + 2n ) × ( number of samples per block )

1.

( 2n 3 + 3n 2 ) / sample

7. Conclusion
In this paper we have evaluated the performance of Fast Fixed Point scheme and a class of neural algorithms
for performing ICA [41]. The fast fixed point ICA type algorithms have been applied to large scale practical
problems [18][42].
In the complete ICA network as shown in Figure 2, it may be advisable to use neural learning only for the
vital separation process. For whitening and estimation of basis vectors standard numerical methods will suffice.
The poor performance in terms of computation time and separation results may be attributed to the presence of
noise and statistical dependency amongst the original source signals. The separation results could probably be
improved by adding to the basic network structure, another separating stage where a different nonlinearity may
be employed to introduce higher order statistics.
BSS techniques, at the present state of art, do not exhibit satisfactory performance in noisy environment.
Whether to go for noise modeling or to use higher order cummulants to combat the problem is an open question
and provides scope for further research in the direction of noisy-ICA [43]. Further, issues like propagation delays,
time varying mixture [67], convolutive mixture [44] and non-stationary sources [68] make the BSS problem
more complicated in real time. Extension of the present ICA algorithms to address these issues provides scope
for future directions in the ICA-BSS research.
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