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Abstract: Statistical methods provide very accurate results for multidimensional, multispectral signals and have become
very popular now a days. Natural images can be defined as the image taken in the natural environment. Understanding the
statistical structure of natural images can be efficiently utilized for the analysis and processing of images. This paper discusses
the mathematical model based on statistical property of natural images. Higher order statistical methods provide better
solutions for the data like natural images. Independent component Analysis (ICA) is a new higher order statistical method
used to model the natural image. The basic ICA model and it’s variations are discussed in this paper to understand inherent
statistical structure of the data which can be further used for image processing steps like compression, denoising, segmentation,
pattern recognition, enhancement etc.
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1. INTRODUCTION

Understanding the statistical structure of images or any data
is nothing but observing the relation in the data samples by
statistical methods. Natural images are homogeneous in
nature compared to many synthetic images due to this it is
observed that if such data is modeled and processed by higher
order statistical methods provides promising results.
Independent component Analysis (ICA) is a higher order
statistical processing technique by which the random
variables are represented by the linear combination of
statistically independent component variables [1]. Seminal
work in this field has been carried out by A. J. Bell and T. J.
Sejnowski and A. Hyvärinen. Statistical processes have
inherent property of data adaptiveness [4 ]and this is the
reason of getting better results compared to other transform
methods like wavelet. Image is divided into small patches
and these patches are considered as random vector for the
modeling. Statistical model of random variable is nothing
but the calculation of probability distribution function (pdf)
of the random vectors of the natural image using different
parameters. Parameter in case of image patch is its features
or basis. The image model discussed here is based on
conditional probability density function and maximum
likelihood of the random variable [6,7]. The next section of
this paper discusses the basic ICA model for natural images,
after this the parameter used for the ICA estimation is
explained. The variation of basic ICA like Topographic
ICA[9] and subspace ICA[6] are also discussed , which
basically consider the nonlinearity in the assumption of

source variables After this the experiment result is discussed
and the paper ends with the conclusion.

2. LINEAR ICA MODEL

It is a linear generative statistical model. Generative model
is nothing but describes how the observed data is generated
from the source variable by using some transform function.
The estimation of source variable from the observed sample
values is nothing but the calculation of independent
components. The image is a linear mixture of some feature
or basis[2] function given as
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Where I is a intensity value of the pixel at location
(x, y) in the image and are integer, B

i
 is a basis function and

S
i
 is stochastic function different for different images. To

apply ICA it is required that the S
i
 should be nongaussian

and as independent as possible which is the basic assumption
of ICA technique[6,7]. The image decomposed by above
equation gives a linear transformation. This is the basic ICA
model applied on the image[7], which shows the sparse
distribution [7] and is useful in many image processing
applications.

The generative model requires some basic assumption
as given in[7] for the estimation of linear model parameters
are as follows:

1. S
i
in the above equation should be random variable

and statistically independent.

2. S
i
 should have nongaussian distribution.

3. Linear system should be invertible.

International Journal of Electronics Engineering, 2(1), 2010, pp. 17-19

mailto:1anju_pot@yahoo.com
mailto:2asomkuwar@rediffmail.com


18 International Journal of Electronics Engineering

The estimation or recovery of component is only up to
multiplicative constant this is the limitation of this model.
The estimation of B

i
is equivalent to estimation of W

i
 , if it is

assume that B
i
is square and invertible ,which gives the S

i
 as

output of the linear feature detection with some weight
W

i
(It is also square matrix) as

S
i
= Σ

x,y
W

i
(x, y)I(x, y) (2)

The matrix B
i
and W

i
 are inverse matrix i.e. B

i
= W

i
T.

Preprocessing of the data reduces the computational
complexity, dimension reduction and results in better
performance, Principal component analysis (PCA) and
whitening are the most popular preprocessing methods used
in ICA. It is assumed that the probability density function
(pdf’s) of S

i
must be known in advance and denoted by p

i

and expressed for the n signals as
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3. ICA BY MAXIMUM LIKELIHOOD ESTIMATION

Estimation of the independent components by maximum
likelihood method is very popular and meaningful in case
of natural image processing [2, 3]. The likelihood of the
observed data is equal to maximum probability of the
occurrence of the observed data [3]. Let’s consider the
observation is collection of T random image patches. The
patches are collected from the random locations so are
independent from each other. The preprocessed image
patches are denoted by vector z

i
containing the random image

patches. The vector z is given as (z
1
, z

2
,……..z

T
).The pdf of

the preprocessed data (single image patch )is given as
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The vector v
i
 is given as v
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probability of occurrence of all these patch is equal to the
product of probability of occurrence of each patch
individually. Likelihood of the observed preprocessed data
is given as L
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Where V is a matrix whose elements are given by v
ij

and also the rows of V is equal to vectors v
i
and the log of

the above expression is simple to express and process and
is called log likelihood
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Maximization of this likelihood function is calculated
by any numerical optimization methods viz. natural gradient
rule. The ICA maximization can also be done by some tailor
made methods for the parameter estimation. Maximum
likelihood estimation is same as sparse code [6 ].

Figure 1: Image Feature Extracted by Fast ICA Algorithm Applied
on the Image Patches. Components Define the Features
that Resemble as Bar and Edge Detectors.

Figure 2: Image Feature Extracted by ISA

4. ISA AND TOPOGRAPHIC ICA

By introducing the nonlinearity in the transformation gives
more sophisticated methods for the calculation of non linear
feature vectors. In many practical situation the sources are
not as independent as required to apply ICA and to get the
better results, for such situations the nonlinearity introduced
in the transformation represents the practical situation
accurately. In subspace ICA all the components are not
independent ,they are grouped in to sub space according to
the orientation and frequency so the components are
dependent inside the subspace and independent outside the
subspace. Components are processed in the respective groups
as given in [5] and shown in figure.2. In topographic ICA
the neighborhood function is defined so that every
neighborhood consists of some square window. The basis
vector are same as calculated by the basic ICA model and
have topographic organization so Subspace analysis gives
features with invariance with respect to location and phase
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and topographic ICA gives a topographic organization for
the features, together with the same invariance [9].

5. EXPERIMENT AND RESULTS

The ICA is applied on the natural image patches, each patch
is first normalized so that it has zero mean and unit variance.
A set of 10000 image patches of 16 X16 are taken from the
random locations from images. The preprocessed data set
are used as input to the Fast ICA algorithm [ 8 ], Figure.1
shows the obtained basis vectors. The outcome of ICA using
Fast ICA estimation produces the image features or basis
which are localized in space, frequency, orientation and gives
codes for different scales. The basis vectors are related to
wavelet functions as they represent almost same features in
different scales. However ICA basis have many more degree
of freedoms then wavelets. Figure.2 represents the output
of subspace ICA analysis as given in [ 5] which illustrates
the

6. CONCLUSION

The ICA of natural images is very close to sparse coding of
the image and defines the pdfs for the Bayesians inference.
The model shows the maximization of likelihood is related
to the maximization of non –gaussianity. The relation
between the feature vector Bi and the feature detector weights
Wi is observed as Bi is the low passed version of Wi. ICA
can be used to extract the feature from various type of
images, Decomposition of any image by this method gives
the features which can be used in many sophisticated low
level image processing techniques. ICA can be used in

unsupervised learning algorithm due to data adaptiveness
transform property. Research in this field is going on to
develop more efficient and reliable computer vision
algorithm and simulation of human vision system.
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