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Abstract— ICA is solution of the fundamental problem in 

neural network research, also in other areas, that is to find a 

proper representation of multivariant data i.e. random 

vectors. This is linear transformation of original data. We 

can say that each component is representation of linear 

combination of its original variables. There are very well-

known transformation methods like principal component 

analysis, projection pursuit and factor analysis. So 

Independent Component Analysis (ICA) is a method with 

help of which we can have a linear representation of 

nongaussian data so that the components are statistically 

independent. So, in this paper we see the basic theory and 

application of ICA. 
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I. INTRODUCTION 

ICA is an algorithm which is used to recover a set of signals 

from a mixture of signals without having any information 

about the source or very little information about the mixing 

process or source signal. This is also called as Blind source 

separation. This is used in a very famous issue known as 

Cocktail party problem. ICA is a method for finding 

underlying factors or components from multivariate (multi-

dimensional) statistical data. For ex. You are in a room 

where two people are talking simultaneously and you have 

two microphones in room. Now. These two microphones 

will give two recorded signals let say them x1(t) and x2(t), 

with amplitude  x1 and x2, and with time index t.  

Now, each of this recorded signal is a weighted  

Sum of speech signal emitted by two speakers, let 

denoted it by s1(t) and s2(t). So we could express it as a 

linear equation: 

x1(t) =a11s1+ a12s2 

x2(t) =a21s1 + a22s2 

Where a11, a12, a21, and a22 are some parameters that 

depend upon the distances of the microphones  

From the speakers. So estimating signal s1(t) and 

s2(t) using the recorded signals x1(t) and x2(t), this  is known 

as cocktail party problem. 

 
Fig. 1: Diagram 

II. INDEPENDENT COMPONENT ANALYSIS 

A. Blind Source Separation  

The term blind in blind source separation put emphasis on 

the below mentioned facts: 

 Source signals are not observed, and 

 No information is available about the mixture. 

So this is very useful when we are modelling the 

transfer from the sources to the sensors and it is too difficult; 

it is unavoidable when no prior information about the 

transfer. Usually, the data is represented as a linear 

transformation of the observed signal. And use of these 

linear transformations makes computation much easier also 

it facilitates the interpretation of results. And these linear 

transformation methods are Principal Component Analysis 

(PCA), Factor Analysis (FA), and Projection pursuit (PP), 

ICA and many more are there. 

B. How ICA Works? 

ICA is generative model for the observed multivariate data, 

which is like large database of samples. It is called 

generative because this algorithm describes that how the 

observed data is generated by a process of mixing the 

components si. In ICA model, the data variables are assumed 

to be linear/non-linear mixtures of some unknown latent 

variable and the mixing system is also unknown. The latent 

variable are assumed to be nongaussian and mutually 

independent. And so they are known as Independent 

Component (IC) of the observed data. These are factors 

which are found by ICA. These are known as latent 

variables because they can’t be directly observed.  

The basic linear models relate the observed 

mixtures and the unobserved source signals. Which can be 

written as follows: 

x(t)=As(t) 

where s(t)=[ s(t)1 , s(t)2, ….., s(t)m]T is a m×1 

column vector collecting source signals, similarly vector x(t) 

collects the n observed signals, A is an n×m matrix of 

unknown mixing coefficients,  n ≥ m, and t is the time 

index. 

If noise is added to the signal, then the signal becomes: 

x(t)=As(t) + n(t) 

Where n(t) is noise vector of n×1 dimension. Now 

to recover original signals from the mixed signals , these 

system can be used. 

y(t)=Wx(t) 

where y(t)= [ y1(t), y2(t), …., yn(t)]T is an estimate of the 

s(t) and W is n×n separating matrix. 
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There are several assumption required for the blind 

separation using ICA method, 

 Sources are zero mean and stationary. 

 The sources are statistically independent of one 

another. 

 The number of sensors n should be greater than or 

equal to number of sources m. this is one of the 

necessary assumption in this algorithm. 

 The mixing matrix A is full rank. 

 The noise n(t) is white and Gaussian noise. 

Also there are some ambiguities of ICA. These are 

as follows: 

 We cannot determine the variances of the 

independent components. 

 And we cannot determine the order of the 

independent component. 

C. Principles of ICA estimation  

There are many factors which helps in estimating ICA, but 

the key to estimating ICA is nonguassianity. And measure 

of nonguassianity are following. 

1) Measure of nonguassianity: 

Nonguassianity can be measured in two ways: 1) by kurtosis 

and 2) by negentrophy. 

The classical measure of nonguassianity is kurtosis 

of the forth order comulant. The kurtosis of any variable y 

can be defined as: 

kurt(y)=E{y4}-3(E{y2})2. 

And here it is assumed that y is of unit variance and 

the right hand side simplifies to E{y4}-3. So from this we 

can say that kurtosis is simply normalized version of the 

forth moment E{y4}. And for the Gaussian y the forth 

moment is equal to 3(E{y2})2 . so from this it is concluded 

that kurtosis is zero for all Gaussian random variables and 

non-zero for the nongaussian random variables. 

But kurtosis is not robust measure for guassianity, 

so we use negentrophy. Negentrophy is based upon the 

information theoretic quantity of entropy. Negentrophy J is 

defined as follows: 

J(y) = H (ygauss)-H(y) 

Where ygauss is Gaussian random variable of the 

same covariance matrix y. negentrophy is always non-

negative but it is zero if and only if y has Gaussian 

distribution. And it is also invariant for invertible linear 

transformation.   

Any mixture of source signals has a histogram that 

tends to be more bell-shaped (normal or Gaussian) than that 

of any of its constituent source signals, even if the source 

signals have very different histograms. 

2) Minimization of mutual information  

Mutual information is the measure of the dependence 

between the random variables. It is always non negative and 

zero if and only if the variables are statistically independent. 

So the mutual information takes into account the whole 

dependence structure of the variables not only the 

covariance like other methods. 

And when we are minimizing the mutual 

information it is equivalent to finding directions in which 

the negentrophy is maximized.  

There are many more estimations like maximum 

likelihood estimation, ICA and Projection pursuit from 

which we can estimate the independent components. 

D. Preprocessing for ICA 

Now before applying ICA on data, the data need to be 

processed. So in this section we are going to discuss some 

preprocessing technique that makes this problem estimation 

better and simpler. 

1) Centering 

The most basic requirement is to done centering the data. 

Centering means to center the x i.e. subtract its mean vector 

m=E{x} so as we can make the x zero variable. This make 

calculation simpler.  

2) Whitening  

Now, the next step is to whiten the observed variable. This 

is done before applying ICA but after the centering, we 

transform the observed vector x linearly so that we can 

obtain a new vector from x which is white. It means that its 

component are uncorrelated and their variances are equal 

unity. Also whitening reduces the number of parameters 

which are to be estimated.  

III. APPLICATIONS OF ICA 

There are many application of ICA. The most classical 

example of ICA is cocktail party problem. They all are listed 

as follows: 

 Separation of artifacts in MEG data 

 Finding hidden factors in financial data 

 Reducing noise in natural images 

 Telecommunication 

 Optical imaging of neurons 

 Neuronal spike sorting 

 Face recognition 

 Modelling receptive field of primary visual neurons 

 Predicting stock market price, etc. 

IV. CONCLUSIONS 

In this paper, we learned that ICA is very general purpose 

technique in which linear observed data are transformed into 

component which are maximally independent from each 

other. We learned the principles of ICA estimations like 

nonguassianity and minimization of mutual information, 

maximum. We also found the various area of concern where 

ICA can be used like analysis of speech processing, audio 

processing, biomedical signal processing, 

telecommunication and many more. 
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