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Abstract--Independent component analysis (ICA) is a 

statistical and computational method for finding underlying 

factors or components from multivariate (Multidimensional) 

statistical data. It is a computationally efficient blind source 

separation technique, has been area of interest for many 

practical applications in various fields of science and 

engineering. ICA was originally developed for signal 

processing applications. Recently it has been found out that 

it is a powerful tool for analyzing data/signals during fault in 

power system. What distinguishes ICA from other methods 

is that it  for components that are both statistically 

independent, and nongaussian. This paper deals with the 

briefly introduce the basic concepts of Independent 

component analysis (ICA), its principles,and its applications,  

 

Keywords: Independent component analysis, Fault 

detection, Blind source separation, Decorrelation, Non- 

Gaussian. 

 

I. INTRODUCTION 

ndependent component analysis (ICA) is essentially a 

method for extracting individual signals from mixtures 

of signals.  The problem of finding source signal is an 

inductive inferenceproblem. There is not enough 

information to find thesolution,. The main aim is to 

process these signals in such a way that the original 

source signalsare extracted by the adaptive system. The 

problem of separating and estimating the original source 

waveforms fromthe sensor array, without knowing the 

transmission channel characteristics and the source can be 

briefly expressedas problems related to Blind source 

separation (BSS).[1] 

Independent component analysis (ICA) is a 

computational method for separating a multivariate signal 

into additive subcomponents by assuming that the 

subcomponents are non-Gaussian signals and that they are 

all statistically independent from each other. ICA is a 

special case of blind source separation.[1] 

In this paper, we first understand basics of the blind 

sourceseparation problem. Then, Independent Component 

Analysis is introduced as a widely used technique for 

solvingthe blind source separation problem. A general 

descriptionof the approach to achieving separation via 

ICA and theunderlying assumptions and ambiguity of the 

ICA framework and important ambiguities that are 

inherent to ICA are discussed 

 

II    BLIND SOURCE SEPARATION 

In BSS the word blind refersto the fact that we do 

not know how the signals were mixedor how they were 

generated. As such, the separation isin principle 

impossible. Allowing some relatively indirectand general 

constrains, we however still hold the term BSSvalid, and 

separate under these conditions.There appears to be 

something magical about blindsource separation; we are 

estimating the original sourcesignals without knowing the 

parameters of mixing and/orfiltering processes. It is 

difficult to imagine that one canestimate this at all. In fact, 

without some a priori knowledge, it is not possible to 

uniquely estimate the originalsource signals. However, 

one can usually estimate themup to certain 

indeterminacies. In mathematical terms, 

theseindeterminacies and ambiguities can be expressed as 

arbitrary scaling, permutation and delay of estimated 

sourcesignals [2][3].  

These indeterminacies preserve, however, 

thewaveforms of the original sources. Although these 

indeterminacies seem to be rather severe limitations, in a 

greatnumber of applications these limitations are not 

essential,since the most relevant information about the 

source signalsis contained in the temporal waveforms or 

time-frequencypatterns of the source signals and usually 

not in their amplitudes or the order in which they are 

arranged in the outputof the system. However, for some 

applications especiallybiomedical signal models such as 

sEMG signals, there isno guarantee that the estimated or 

extracted signals haveexactly the same waveforms as the 

source signals. 

A. Observing mixtures of unknown signals-  

Consider a situation where there are a number of 

signals emitted by some physical objects or sources. 

These physical sources could be, for example, different 

brain areas emitting electric signals; people speaking in 

the same room, thus emitting speech signals; or mobile 

phones emitting their radio waves. Assume further that  

there are several sensors or receivers. These sensors are in 

different positions, so that each records a mixture of the 

original source signals with slightly different weights. For 

the sake of simplicity of exposition, let us say there are 

three underlying source signals, and also three observed 

signals .Denoted by x1(t),x2(t),x3(t) the observed signals 

are the amplitudes of the observed signals at time t and by 

s1(t),s2(t),s3(t),the original signal .The xi(t) is the weighted 

sum of si(t),where the coefficients depend upon the 

distance from the source and the sensor.  

 

𝑥1 𝑡 =  𝑎11𝑠1  +   𝑎12𝑠2 +  𝑎13𝑠3  

𝑥2 𝑡 =  𝑎21𝑠1  +   𝑎22𝑠2 + 𝑎23𝑠3  

𝑥3 𝑡 =  𝑎31𝑠1  +   𝑎32𝑠2 + 𝑎33𝑠3                      (1) 

 

The aijare constant coefficients that give the mixing 

weights. They are assumed unknown, since we cannot 

I 

http://en.wikipedia.org/wiki/Multivariate_statistics
http://en.wikipedia.org/wiki/Statistical_independence
http://en.wikipedia.org/wiki/Blind_source_separation
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know the values of aijwithout knowing all the properties 

of the physical mixing system, which can be extremely 

difficult in general. The source signals aij are unknown as 

well, since the very problem is that we cannot record them 

directly.  

What we would like to do is to find the original 

signals from the mixtures x1 , x2 and x3. This is the blind 

source separation (BSS) problem. Blind means that we  

know very little if anything about the original sources. We 

can safely assume that the mixing coefficients  

aija are different enough to make the matrix that they form 

invertible. Thus there exists a matrix W with 

coefficientswij , such that we can separate the sias  

 

𝑠1 𝑡 =  𝑤11𝑥1  +   𝑤12𝑥2 + 𝑤13𝑥3  

𝑠2 𝑡 =  𝑤21𝑥1  +   𝑤22𝑥2 +  𝑤23𝑥3  

𝑠3 𝑡 =  𝑤31𝑥1  +   𝑤32𝑥2 +  𝑤33𝑥3                   (2) 

 

Such a matrix W could be found as the inverse of the 

matrix that consists of the mixing coefficients aij 

in 1st Eq , if we knew those coefficientsaij.  

B. Source separation based on independence 

The question now is: How can we estimate the 

coefficients wij.We want to obtain a general method that 

works in many different circumstances, and in fact 

providesone answer to the very general problem that we 

started with finding a good representation of multivariate 

data. Therefore, we use very general statistical properties. 

All we observe is the signals x1 , x2 and x3. 

We want to find a matrix W so that the representation is 

given by e original source signals s1, s2 and s3 

A surprisingly simple solution to the problem can be 

found by considering just the statistical independence of 

the signals. In fact, if the signals are notgaussian, it  

is enough to determine the coefficients wij, so that the 

signals  

 

𝑦1 𝑡 =  𝑤11𝑥1  +   𝑤12𝑥2 +  𝑤13𝑥3  

𝑦2 𝑡 =  𝑤21𝑥1  +   𝑤22𝑥2 +  𝑤23𝑥3  

𝑦3 𝑡 =  𝑤31𝑥1  +   𝑤32𝑥2 +  𝑤33𝑥3                    (4) 

 

 

are statistically independent. If the signals y1, y2and y3are 

independent, then they are equal to the original signals 

s1,s2 and s3 (They could be multiplied by some scalar 

constants, though, but this has little significance).Using 

just this information on theatistical independence, we can 

in fact estimate the coefficient matrix W for the signals.  

What we obtain are the source signals . We see that 

from a data set that seemed to be just noise, we were able 

to estimate the original source signals, using an algorithm 

that used the information on the independence only. These 

estimated signals are indeed equal o those that were used 

in creating the mixtures.  

We have now seen that the problem of blind source 

separation boils down to finding  linear representation in 

which the components are statistically independent. In 

practical situations, we cannot in general find a 

representation where the components are really 

independent, but we can at least find components that are 

as independent as possible.  

Given a set of observations of random variables  

x1(t) , x2(t)  and x3(t) ….. xn(t)  where t is the time or 

sample index, assume that they are generated as a linear 

mixture of independent components:  

 

 

𝑥1

𝑥2

𝑥3

 =   𝐴  

𝑠1

𝑠2

𝑠3

   (3) 

 

Where X is the received signal matrix , A is the 

unknown matrix. Independent component analysis now 

consists of estimating both the matrix A and the S , when 

we only observe xi(t) that we assumed here that the 

number of independent components si(t) is equal to the 

number of observed variables; this is a simplifying 

assumption that is not completely necessary[3][5].  

 

 
Fig.1. ICA based on blind source separation (BSS) block diagram, s(t) 

are the sources, x(t) are the recordings s^(t) are Separated signals, A 
mixing matrix and W un mixing matrix 

 

III. INDEPENDENT COMPNENT ANALYSIS 

 

A. Theoretical Concept of ICA 

 

Independent component analysis (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 we no 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. 

Despite wide range of applicability ICA can be 

understood in terms of the classical „cocktail party‟ 

problem  

Imagine that you are in a room where two people are 

speaking simultaneously. You have two microphones, 

whichyou hold in different locations. 

 

 
Fig. 2. Cocktail Party Problem 
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The microphones give you two recorded time signals, 

which we could denote byx1(t) and x2(t), with x1 and x2the 

amplitudes, and  tthe time index. Each of these recorded 

signals is a weightedsum of the speech signals emitted by 

the two speakers, which we denote by s1(t) and s2 (t).  

 

 
Fig. 3. Mixing of Signals 

 

We could express this a linear equation: 

 

                𝑥1 𝑡 =  𝑎11𝑠1  +   𝑎12𝑠2  

                𝑥2 𝑡 =  𝑎21𝑠1  +   𝑎22𝑠2 (5)      

 

 

here a11, a12, a21 and a22are some parameters that 

depend on the distances of the microphones from the 

speakers. 

 
Fig.4..  Matrix representation of recorded signals 

 
 

Fig.5. Two Original Independent Sources 

 

 
Fig.6. Observed mixed sources 

 
Fig.7.Original sources at the output after applying ICA 

 

It would be very useful if you could now estimate 

the two original speech signals s1(t ) and s2(t ), using only 

the recorded signals x(t ) and x(t ). This is called the 

cocktail-party problem. For the time being, we omit any 

time delays or other extra factors from our simplified 

mixing model. 

A fundamental aspect of the mixing process is that 

the sensors must be spatially separated (e.g. 

microphonesthat are spatially distributed around a room) 

so that each sensor records a different mixture of the 

sources. With thisspatial separation assumption in mind, 

we can model the mixing process with matrix 

multiplication as follows: 

 

𝑋 𝑡 =  𝐴𝑠(𝑡)   (6)      

where A is an unknown matrix called the mixing 

matrixand x(t), s(t) are the two vectors representing the 

observed signals and source signals respectively. 

Incidentally, thejustification for the description of this 

signal processingtechnique as blind is that we have no 

information on the mixing matrix, or even on the sources 

themselves. 

The objective is to recover the original signals,    si(t 

),from only the observed vector xi(t). We obtain 

estimatesfor the sources by first obtaining the “unmixing 

matrix” W, 

where, W = A
−1

 

This enables an estimate, 𝑠  t , of the independent 

sources to be obtained: 

𝑠  t  = Wx(t) 
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The diagram in Figure 4 illustrates both the mixing 

and unmixing process involved in BSS. The 

independentsources are mixed by the matrix A (which is 

unknown inthis case). We seek to obtain a vector y that 

approximatesby estimating the unmixing matrix W. If the 

estimate ofthe unmixing matrix is accurate, we obtain a 

good approximation of the sources.[4] 

 

IV. STATASTICAL INDEPENDENCE 

A key concept that constitutes the foundation of 

independent component analysis is statistical 

independence. In probability theory two events are said to 

be statistically independent if the probability of 

occurrence of one event does not affect the probability of 

occurrence of other event. In the similar way we can say 

for random variables that the two random variables are 

independent if the occurrence of one event does not affect 

the probability distribution of other event. Condition of 

statistical independence for two events Two events A and 

B are independent if  and  only if their joint probability 

equals the product of their probabilities. 

 

P( A ⋂ B   = P A  . P B (7)      

 

To simplify the above discussion consider the case 

of two different random variables s1 and s2. The random 

variable s1 independent of s2, if the information about the 

value ofs1 does not provide any information about the 

value of s2,and vice versa. Here s1and s2 could be 

random signalsoriginating from two different physical 

processes that are notrelated to each other. 

 

V.    DEFINATION AND FUNDAMENTAL 

PROPERTIES 

 

To define the concept of independence, consider two 

scalar-valued random variables  y1 and y2. Basically, the 

variables y1 and y2 are said to be independent if 

information on the value of y1does not give any 

information on the value ofy2 , and vice versa.  

Above we noted that this is the case with the 

variables s1, s2 but not with the mixture variables x1 and 

x2.Technically, independence can be defined by the 

probability densities.  

Let us denote by p(y1, y2) the joint probability 

density function (pdf) of y1 and y2 

 Let us further denote by p1(y1) the marginal pdf of y1 , 

i.e. the pdf of y1 when it is considered alone:  

 

                   𝑝1(𝑦)1 =   𝑝 y1, y2 dy2(8) 

 

and similarly for y2. Then we define that y1 and y2 

are independent if and only if the int pdf is factorizable in 

the following way:  

 

𝑝 y1, y2 = 𝑝1 y1) p2(y2 (9) 

 

This definition extends naturally for any number n of 

random variables, in which case the joint density must be 

a product of n terms.The definition can be used to derive a 

most important property of independent random variables. 

Given two functions,  

 

𝐸{ℎ1(y1 )ℎ2(y2 ) =  𝐸(ℎ1)𝐸 (ℎ2 )(10) 

 

VI.   PRINCIPLE 

 

ICA basically works on two principles:  

Principle1: Ucorrelatedness: 

This is one of the important assumptions which 

explain the first principle of ICA. This principle states that 

if we want to recover original independent signals than 

there will restriction on input sources is that they must be 

uncorrelated to each other.  

Principle2: Maximum non-gaussianity: 

The second Principle if ICA states that to get our original 

sources here is one more restriction on the input sources is 

that they must be non-gaussian.  

Independent Components are Non Gaussian 

Components. The basic concept of non-gaussianitycan be 

implemented with the help of is Central Limit Theorem 

which states that “sum of non-Gaussian andom variables 

are closer to Gaussian in omparison with the original 

individual ones”.  

So by using these two principles and concept of  

statistical independence between the original sources  

the method of ICA widely used in many applications  

 

VI   ICA ASSUMPTIONS 

 

That the ICA separation of mixed signals gives very 

good results are based on two assumptions and three 

effects of mixing source signals. 

 

1. The sources being considered are statistically 

independent of each other 

The first assumption is fundamental to ICA. ICA based on 

the assumption that source signals are not only 

uncorrelated but also „statically independent‟. Essentially, 

if two variables are independent then the values of the one 

variable provides absolutely no information about the 

value of the other variable.. By contrast , even though two 

variables are uncorrelated, the value of one variable can 

still provide information about the value of the other 

variable. 

Statistical independence is the keyfeature that enables 

estimation of the independent components ˆ s(t) from the 

observations xi(t).  

 

2. The independent components have non-Gaussian 

distribution 

 

The second assumption is necessary because of the 

closelink betweenGaussianity and independence. Even if 

x and y are uncorrelated then knowing the value of x can 

still provide information about y . 

 

3. The mixing matrix is invertible 
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The third assumption is straightforward. If the mixing 

matrix is not invertible then clearly the unmixing matrix 

weseek to estimate does not even exist.If these three 

assumptions are satisfied, then it is possible to estimate 

the independent components modulo sometrivial 

ambiguities (discussed in Section 3.4). It is clearthat these 

assumptions are not particularly restrictive and 

as a result we need only very little information about the 

mixing process and about the sources themselves 

 

VII.   ICA AMBIGITIES 

 

There are two inherent ambiguities in the ICA 

framework.these are  

1.  Magnitude and scaling ambiguity 

The true variance of the independent components cannot 

be determined. To explain, we can rewrite the mixing in 

equation 1 in the form 

 

x = As 

 

= 𝑎𝑗 𝑠𝑗
𝑁
𝑗=1 (11) 

Where ajdenotes the jth column of the mixing matrix A. 

Since both the coefficients ajof the mixing matrix and the 

independent components sj are unknown, we can 

transformEquation  

 

𝑥 =    1/∝𝑗 𝑎𝑗   ∝𝑗 𝑠𝑗  
𝑁
𝑗=1 (12)   

 

fortunately, in most of the applications this ambiguity 

is insignificant. The natural solution for this is to use 

assumption that each source has unit variance: 

E {sj } = 1. 

Furthermore, the signs of the of the sources cannot be 

determined too. This is generally not a serious problem 

because the sources can be multiplied by -1 without 

affectingthe model and the estimation 

 

2.  Permutation ambiguity 

The order of the estimated independent components is 

unspecified. Formally, introducing a permutation matrix 

Pand its inverse into the mixing process in Equation 1. 

 

x = AP
−1

Ps 

= A's'(13) 

 

Here the elements of P s are the original sources, except in 

a different order, and A' = AP
−1

is another unknown 

mixing matrix. Equation 15 is indistinguishable 

from Equation 1 within the ICA framework, 

demonstrating that the permutation ambiguity is inherent 

to Blind SourceSeparation. This ambiguity is to be 

expectedU in separating the sources we do not seek to 

impose any restrictions on the order of the separated 

signals. Thus all permutations of the sources are equally 

valid. 

 

VIII.   ICA PROCESSING ALGORITHM 

 

Before examining specific ICA algorithms, it is 

instructiveto discuss preprocessing steps that are generally 

carried outbefore ICA.In the preceding section, we 

discussed the statistical principles underlying 

ICAmethods. We discuss some preprocessing techniques 

thatmake the problem of ICA estimation simpler and 

better conditioned[6] 

A. centering  

The most basic and necessary preprocessing is to 

center x, i.e. subtract its mean vector m = E{x} so as to 

make x a zero-mean variable. This implies that s is zero-

mean as well, as can be seen by taking expectations on 

both sides basic sensor output equations.  

This preprocessing is made solely to simplify the 

ICA algorithms: Itdoes not mean that the mean could not 

be estimated. After estimating the mixing matrix A with 

centered data, we can complete the estimation by adding 

the mean vector of s back to the centered estimates of s. 

The mean vector of s is given by A
-1

m, where m is the 

mean that was subtracted in the preprocessing.  

B. Whitening 

Another useful preprocessing strategy in ICA is to 

first whiten the observedvariables. This means that before 

the application of the ICA algorithm (and after centering), 

we transform the observed vector x linearly so that we 

obtain a new vector ˜x which is white, i.e. its components 

are uncorrelated and their variances equal unity. In other 

words, thecovariance matrix of ˜x equals the identity 

matrix: The whitening transformation is always possible. 

One popular method for whitening is to  

use the eigen-value decomposition (EVD) of the 

covariance matrix E{xx
T
}=EDE

T
 

where E is the orthogonal matrix of eigenvectors of 

E{xx
T
} and D is the diagonal matrix of its eigenvalues, 

D= diag(d1 ...,dn). Note that E{xx
T
} can be estimated in a 

standard way from the available sample x(1), ...,x(T). 

Whitening can now be done by 

 
𝑥 = 𝐸𝐷−1/2𝐸𝑇𝑋(14) 

 

where the matrix D
−1/2

is computed by a simple 

component-wise operation as D
-1/2

= diag(d
−1/2

1,..,d
−1/2

n ). 

It is easy to check that now E{˜x˜x
T
} = I.  

Whitening transforms the mixing matrix into a new 

one, ˜A.  

 
𝑥 = 𝐸𝐷−1/2𝐸𝑇𝐴𝑠 = 𝐴 s(15) 

 

The utility of whitening resides in the fact that the 

new mixing matrix ˜Ais orthogonal. This can be seen 

from 

 𝐸{𝑥 𝑥 𝑇}=𝐴  E{s𝑠𝑇 }𝐴 𝑇= A𝐴𝑇 = I(16) 

 

Here we see that whitening reduces the number of 

parameters to be estimated. Instead of having to estimate 

the n2parameters that are the elements of the original 

matrix A, we only need to estimate the new, orthogonal 

mixing matrix ˜A. An orthogonal matrix contains 

n(n−1)/2 degrees of freedom. For example, in two 

dimensions, an orthogonal transformation is determined 

by a single angle parameter. In largerdimensions, an  
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orthogonal matrix contains only about half of the number 

of parameters of an arbitrary matrix. Thus one can say 

that whitening solves half of the problem of ICA. Because 

hitening is a very simple and standard procedure, much 

simpler than any ICA algorithms, it is a good idea to 

reduce the complexity of the problem this way.  

It may also be quite useful to reduce thedimension of the 

data at the same time as we do the whitening. Then we 

look at the eigen values djof E{xx
T
} and discard those 

that are too small, as is often done in the statistical 

technique of principal component analysis. 

IX.   ICA ALGORITHMS 

There are several ICA algorithms available in literature. 

These includes 

 

 Jutten-Hérault algorithm  

 Non-linear decorrelation algorithms  

 Algorithms for maximum likelihood or infomax 

estimation  

 Non-linear PCA algorithms  

 Neural one-unit learning rules  

 Other neural (adaptive) algorithms  

 The FastICA algorithm  

 Tensor-based algorithms  

 Weighted covariance method 

How ever the FastICA algorithm is widely used 

in numerous signal processing applications. 

FastICA Algorithm 

FastICA is a fixed point ICA algorithm that employs 

higher order statistics for the recovery of independent 

sources.FastICA can estimate ICs one by one (deflation 

approach)or simultaneously (symmetric approach). 

FastICA usessimple estimates of Negentropy based on the 

maximum entropy principle, which requires the use of 

appropriate nonlinearities for the learning rule of the 

neural network. 

Fixed point algorithm is based on the mutual information. 

Which can be written as: 

 

 

𝐼 𝑠 =  𝑓𝑠(s)log
𝑓𝑠(𝑠)

⊓𝑓𝑠𝑖(𝑠𝑖)
ds(17) 

 

This measure is kind of distance of independence. 

Minimising mutual information leads to ICA solution. For 

the fast ICA algorithm the above equation is re written as 

𝐼 𝑠 = 𝑗 𝑠 −   𝑗𝑠𝑖 +  
1

2
log

⊓𝐶𝑖𝑖

𝑑𝑒𝐶𝑠𝑠
(18) 

 

here ˆ s = Wx, Cssis the correlation matrix, and cii is 

theith diagonal element of the correlation matrix. The 

lastterm is zero because siare supposed to be 

uncorrelated.The first term is constant for a problem, 

because of the invariance in Negentropy. The problem is 

now reduced toseparately maximising the Negentropy of 

each component.Estimation of Negentropy is a delicate 

problem.The algorithm works withWhitened data, 

although aversion of non-whitened data exists. 

– Criteria 

The maximisation is preferred over the following index 

JG(w) = [E {G(w
T
v)} − E {G(ν )}

2
 

to find one independent component, with ν standard 

gaussian variable, and G, the one unit contrast function. 

– Update rule 

pdate rule for the generic algorithm is 

w∗= E {vg(w
T
)} − E {g′w

T
)}w 

w = w∗/∥w∗∥(19) 

to extract one component. There is symmetric version of 

the FP algorithm, whose update rule is 

W∗= E {g(Wv)v
T
} − Diag(E {g′( Wv)}) W 

W = (W∗W∗T
)

−1/2
W∗(20) 

 

whereDiag(v) is a diagonal matrix with Diagii (v) = vi 

- Parameters 

FastICA uses the following nonlinear parameters for 

convergence. 

 𝑦 =   𝑦3

𝑡𝑎𝑛 ℎ (y )
(21) 

The choice is free except that the symmetric algorithm 

withtanh non linearity does not separate super Gaussian 

signals. Otherwise the choice can be devoted to the 

other criteria, for instance the cubic non linearity is 

faster,whereas the tanh linearity is more stable. In 

practice, the expectations in FastICA must be replacedby 

their estimates. The natural estimates are of course 

thecorresponding sample means. Ideally, all the data 

availableshould be used, but this is often not a good idea 

because thecomputations may become too demanding. 

Then the averages can be estimated using a smaller 

sample, whose sizemay have a considerable effect on the 

accuracy of the finalestimates. The sample points should 

be chosen separatelyat every iteration. If the convergence 

is not satisfactory,FastICalgorithm for all applications. 

X.  APPLICATIONS OF ICA 

The success of ICA in source separation has resulted in a 

number of practical applications. These includes, 

• etecting abrupt change in current signals in  

power system 

• Seismic monitoring  

• Telecommunication 

• Feature extraction 

• Sensor signal processing 

• Radio communications  

• Audio signal processing  

• Image processing  

• Data mining  

• Time series forecasting  

• Defect detection in patterned display surfaces  

• Bio medical signal processing[7] 

Some of the futuristic and emerging applications in the 

field of electrical power system and protection are 

discussed bellow 

AAbrupt change detection in current signals 

This is a novel approach for fault detection in a power 

system based on independent component analysis. The 

index for detection of fault and discrimination between 
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fault and power swing is derived from independent 

component. 

B.  Feature extraction 

In the feature extraction  the columns of mixing matrix A 

represents features and s
i
gives the oefficient of the 

i
th

feature of an observed data vector x. Theory of 

redundancy reduction motivates to use ICA for feature 

extraction 

ICA canappliedto construct the appropriate feature vectors 

for the different power system conditions. Finally pattern-

matching algorithm would be applied using those feature 

vectors to accomplish the fault recognition and associated 

tasks.  

XI. CONCLUSION 

In this paper we have  introduced the theoretical 

concepts of BSS and ICA. The mathematical framework 

of the source mixingproblem that BSS/ICA addresses was 

examined in some detail, as was the general approach to 

solving BSS/ICA. We have discussed the basic definition 

of ICA along with principles and processing algorithm.As 

part of this discussion, some inherent assumptions and 

ambiguities ofthe BSS/ICA framework were examined as 

well as thetwo important preprocessing steps of centering 

and whitening. 

We also discussed the algorithm for FastICA. 

Finally we discussed different applicationsFinally, the 

application domainsof this novel technique are presented. 

Some of the futuristic works on ICA techniques, which 

need further investigation, are discussed. The material 

covered in this paper is important not only to understand 

the algorithms used to performBSS/ICA, but it also 

provides the necessary background to understand 

extensions to the framework of ICA for futureresearchers. 
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