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Abstract—The present paper deals with the analysis of non 

linear system using higher order statistical techniques 

namely Independent component analysis (ICA). In reality, 

the data often does not follow a Gaussian distribution and 

the situation is not as simple as those methods of factor 

analysis, projection pursuit or PCA assumes. Many real 

world data sets have super Gaussian Distributions. Hence 

the probability density of the data is peaked at zero and has 

many tails, when compared to a Gaussian density of the same 

variance. This is the starting point of ICA, where we try to 

find statistically independent components in the general case 

where the data is non Gaussian. In this paper we had 

presented the different estimation principles of ICA and 

their algorithms. The simulation results of ICA were carried 

out by MATLAB. 

 

Index Terms—ICA, nonlinear system, non-gaussianity, 

statistical independence 

 

I. INTRODUCTION 

Independent component analysis (ICA) has provided a 

new tool to analyze time series and to order independent 

components. Linearity is a specification of a field of 

activity, nonlinearity is a “non-specification” and its field 

is unbounded. In nature, nonlinearity is the rule rather than 

the exception, while linearity is a simplification adopted 

for analysis. Indeed, the complex structure of dynamic 

systems makes it almost impossible to use linear models to 

represent them accurately. Nonlinear models are designed 

to provide a better mathematical way to characterize the 

inherent nonlinearity in real dynamic systems. In 

mathematics, a nonlinear system is a system which is not 

linear, i.e. a system which does not satisfy the 

superposition principle. Less technically, a nonlinear 

system is any problem where the variable(s) to be solved 

for cannot be written as a linear sum of independent 

components [1], [2].  

In mathematics, a linear function f(x) is one which 

satisfies both of the following properties: 

Additively:  f (x + y)=f (x) +f (y)       (1) 

Homogeneity:  f(αx)=αf (x)                   (2) 

An equation written as 

f(x)=C 
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which is called linear if f(x) is linear (as defined above) 

and nonlinear otherwise 

An example of non linear, the equation 

x
2
+ x - 1= C 

which may be written as 

f(x)= C  where        f(x) = x
2
 + x and  C=1   (3) 

Eqn (3) is nonlinear, since f(x) neither satisfies 

additivity nor homogeneity and the nonlinearity is mainly 

due to the term x
2
. 

A nonlinear algebraic problems are often exactly 

solvable, and if not they usually can be thoroughly 

understood through qualitative and numeric analysis. One 

of the greatest difficulties of nonlinear problems is that it is 

not generally possible to combine known solutions into 

new solutions. A non-linear algebraic problem can be 

thoroughly understood through qualitative and numeric 

analysis. 

II. PRINCIPAL COMPONENT ANALYSIS 

PCA is a main stay of modern data analysis- a useful 

statistical tool to find the patterns in data of high 

dimension. A dimension refers to a particular 

measurement type. PCA is one of the multivariate methods 

of analysis and has been used widely with large 

multidimensional data sets.    

Principal component analysis is a vector space 

transform often used to reduce multidimensional data sets 

to lower dimensions for analysis.  PCA involves a 

mathematical procedure that transforms a number of 

correlated variables into a smaller number of uncorrelated 

variables called principal components .The lack of 

correlation is a useful property as it means that the PCs are 

measuring different “dimension “ in the data sets. 

However, the PCA technique only uses second order 

statistic information, which makes the principal 

component de-correlated but not really independent. 

Recently it has been realized that ICA rather than PCA is 

more appropriate technique, as ICA involves higher order 

statistics for the extraction of independent component, 

which makes the component reveals more useful 

information than principal components  

III. INDEPENDENT COMPONENT ANALYSIS 
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Independent Component Analysis is a statistical 

technique for decomposing complex data set into 

independent sub-parts. Independent component analysis 

(ICA) is a computational method for separating a 

multivariate signal into additive subcomponents 

supposing the mutual statistical independence of the 

non-Gaussian source signals. ICA can be seen as an 

extension to principal component analysis and factor 

analysis. ICA is a much more powerful technique, 

however, capable of finding the underlying factors or 

sources when these classic methods fail completely. In 

ICA the source signals are to be reconstructed from the 

mixed signals i.e., mixtures of the source signals subject to 

determination. ICA is a way of finding a linear 

non-orthogonal co-ordinate system in any multivariate 

data. ICA defines a generative model for the observed 

multivariate data, which is typically given as a large 

database of samples. In the model, the data variables are 

assumed to be linear mixtures of some unknown latent 

variables, and the mixing system is also unknown [3]. The 

latent variables are assumed non Gaussian and mutually 

independent and they are called the independent 

components of the observed data. These independent 

components, also called sources or factors, can be found 

by ICA. 

The goal of ICA is to recover independent sources given 

only sensor observations that are unknown linear mixtures 

of the unobserved independent source signals. In contrast 

to correlation-based transformations such as Principal 

Component Analysis (PCA), ICA not only de-correlates 

the signals but also reduces higher-order statistical 

dependencies, attempting to make the signals as 

independent as possible. In other words, "ICA is a way of 

finding a linear non-orthogonal co-ordinate system in any 

multivariate data. ICA is a technique to improve our 

ability to extract neural signals from recorded mixtures. 

The mixtures could be, for example, sound recordings 

from microphones at a cocktail party or in the case of 

optical recordings, output from photodiode detectors. 

The success of ICA depends on one key assumption 

regarding the nature of the physical world. This 

assumption is that independent variables or signals are 

generated by different underlying physical processes. If 

two signals are independent, then the value of one signal 

cannot be used to predict anything about the 

corresponding value of the other signal. As it is not usually 

possible to measure the output of a single physical process, 

it follows that most measured signals must be mixtures of 

independent signals. Given such a set of measured signals 

(i.e., mixtures), ICA works by finding a transformation of 

those mixtures, that produces independent signal 

components, on the assumption that each of these 

independent component signals is associated with a 

different physical process 

Fig. 1 describes the ICA principle in which source 

signals ˜s(t) are to be reconstructed from the mixed signals 

˜x(t), i.e., mixtures of the source signals subject to 

determination [3]-[4]. 

In general terms: Recover the source vector ˜s(t), given 

the m-dimensional mixture vector ˜x(t) according to (4), 

where A is the mixing matrix. In the context of this 

problem, the de-mixing or separating matrix W(t) is 

defined as in (5). 

x(t) = A ·̃s(t)                         (4) 

s(t) =W(t) ·̃x(t)                       (5) 

The main aim is to find the de-mixing matrix to get 

original signals. 

 

Figure 1. Block diagram of ICA model [1] 

Here, ‘n’ hypothetical source signals (S) are mixed 

linearly and instantaneously by an unknown mixing 

process (M). Mixed sources are recorded by a set of n 

detectors (D). Independent component analysis (W) 

transforms the detected signals into n independent 

components (IC). If the assumptions are correct then the 

Independent components are the original signals except 

the scales, sign and order are not preserved. 

Method to find independent components  

Fig. 2 shows the simplified representation of 

independent signal analysis technique. The signals from 

each detector form the rows of the data (or detector) matrix 

D, and then each column of D is a time point. Independent 

components analysis (ICA) finds the square matrix W (n 

=m = the number of detectors) such that WD= C. The rows 

of C are called ‘independent components’ because they are 

forced to be as independent as possible. The independent 

components are the same length as the data and there are 

the same numbers of independent components as there are 

of detectors. This can be represented schematically: 

 

Figure 2. Representation of independent component analysis [1] 

W is called the ‘un-mixing’ matrix because it un-mixes 

the detected signals in D, which are assumed to be 

mixtures of signals from different sources. Each row of W 

unmixed the detected signals (D) into one independent 

component (row of C). If the assumptions of the ICA 

model are correct, the rows of C will be the original source 

signals. But neither the sign nor the scale will be preserved 

and the independent components will be shuffled with 

respect to the original sources. 

Preprocessing for ICA 

However, before applying an ICA algorithm on the data, 

it is usually very useful to do some preprocessing that 

make the problem of ICA estimation simpler and better 

conditioned The necessary preprocessing for ICA are 

centering, whitening etc [5]. 
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Centering: The most basic and necessary preprocessing is 

to center x, i.e. subtract its mean vector, so as to make x a 

zero-mean variable. 

Whitening:-Another useful preprocessing in ICA is to 

first whiten the observed variables. 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. 

Whitening reduces the number of parameters to be 

estimated. Some of the ICA algorithms used for the 

implementation of independent source signals are: 

I. Infomax 

II. Fast ICA 

Infomax algorithm: There exists two main approaches 

for ICA, these include: Statistically based algorithms and 

neural network based ICA algorithms. Compared to the 

statistical approach, neural network methods are 

considered to be more computational efficient. Infomax 

algorithm is one of the most popular neural network-based 

approaches. The Infomax method uses a gradient-based 

algorithm which leads to low complexity in terms of 

implementation [1]. The Infomax algorithm maximizes 

the information transferred
 
in a network of nonlinear units. 

The nonlinear transfer function
 

is able to pick up 

higher-order moments of the input
 
distributions and reduce 

the redundancy between units in the output
 
and input.  

Fast ICA: The Fast ICA algorithm is a computationally 

highly efficient method for performing the estimation of 

ICA. It uses a fixed-point iteration scheme that has been  

Found in independent experiments to be 10-100 times 

faster than conventional gradient descent methods for ICA. 

This technique is suitable for good convergence properties 

of the one-unit case with symmetrical normalization [6]. 

IV. RESULTS AND DISCUSSION 

The graph of Fig. 3 shows the two independent sources 

A & B, without preprocessing of data.  

 

Figure 3. Two independent source signals 

In Fig. 4, the independent sources A and B are mixed 

linearly due to some mixing process. Here Fast ICA is 

applied which is able to uncover the original activation of 

A and B. But the algorithm cannot recover the exact 

amplitude and sign of the source activities. The Fig. 5 

shows the separation of linearly mixed sources without 

preprocessing of data. 

 

Figure 4. Mixing of two source signals 

 

Figure 5. Reconstructed original two sources 

Simulation results of ICA with preprocessing 

The following graph shown in Fig. 6 presents the 

simulation results of ICA that separates linearly mixed 

sources with preprocessing of data. Then the two source 

signals are intermixed as shown in Fig. 7. 

 

Figure 6. Waveform showing the two source signals 

 

Figure 7. Waveform showing the mixing of two sources signals 
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Result Interpretation 

In this program the preprocessing of data has been done 

before actually applying ICA algorithm. That has been 

done to remove any correlations in the data. In this we mix 

two random sources A and B. Then we had whitened the 

two linear mixtures as shown in Fig. 8. Mixing matrix was 

assumed to be random. Hence every time when we run the 

algorithm, the mixed image coefficient was different. 

Finally we had applied the Fast ICA algorithm and 

obtained the original reconstructed sources as mentioned 

in Fig. 9.  

 

Figure 8. Waveform showing the whitening of the data 

 

Figure 9. Waveform showing reconstructed original two sources 

V. CONCLUSION  

The simulation results of ICA have been obtained and 

studied using MATLAB. This technique improves the 

ability to extract neural signals from recorded mixtures for 

example optical recording, sound recording etc. The 

recorded data provides the independent components 

without affecting their scale, design and order.  

VI. SCOPE OF FUTURE WORK 

A nonlinear system can be successfully handled by the 

various techniques like artificial neural network, in which 

it is desired to have proper supervised as well 

unsupervised features in various learning methods. The 

ICA technique can be used in brain imaging, machine fault 

diagnosis, and speech recognition system and in many 

more systems At times; it is not possible to use ANN 

technique alone for correct coding, error correction and 

feature extraction. PCA and ICA methods provide a better 

alternative for feature extraction, linearization of the data 

and revealing of hidden dynamics. For handling large data 

sets genetic algorithm along with neural networks, PCA 

and ICA could be a good choice. 
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