
IJECT Vol. 3, IssuE 2, AprIl - JunE 2012ISSN : 2230-7109 (Online)  |  ISSN : 2230-9543 (Print)

w w w . i j e c t . o r g  InternatIonal Journal of electronIcs & communIcatIon technology  87

Abstract
When acquiring an image of a paper document, the image printed 
on the back page sometimes shows through. The mixture of the 
front and back-page images thus obtained is markedly nonlinear, 
and thus constitutes a good real-life test case for nonlinear blind 
source separation. This paper addresses a difficult version of this 
problem, corresponding to the use of “onion skin” paper, which 
results in a relatively strong nonlinearity of the mixture, which 
becomes close to singular in the lighter regions of the images. The 
separation is achieved through the MISEP technique, which is an 
extension of the well known INFOMAX method. The separation 
results are assessed with objective quality measures. They show 
an improvement over the results obtained with linear separation, 
but have room for further improvement.
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I. Introduction
WHEN   an   image   of   a   paper   document   is acquired, e.g. 
through scanning, photographing or photocopying, the image 
printed on the back page sometimes shows through. This is 
normally due to partial transparency of the paper, and results 
in the acquisition of a mixture of the images from the front and 
back pages. It is usually possible to obtain two different mixtures, 
by acquiring both sides of the document. This is a situation that 
seems suited for handling by Blind Source Separation (BSS) 
techniques. The main difficulty is that the images that are acquired 
are nonlinear mixtures of the original images printed on each of 
the sides of the paper. This is, therefore, an interesting test case 
for nonlinear BSS methods, with potential application in scanners, 
photocopiers and in document processing in general.
This paper addresses a difficult instance of this problem, in which 
the paper that is used is of the ―onion skin‖ type. This creates 
a mixture that has a relatively strong nonlinearity, and that is 
close to singular in the lighter parts of the images. For separation 
we use MISEP, which is a nonlinear independent component 
analysis (ICA) technique [2]. MISEP is a generalization of the 
well known INFOMAX technique of linear ICA [5], extending 
it in two directions: (1) being able to handle nonlinear mixtures, 
and (2) using output nonlinearities that adapt to the statistical 
distributions of the extracted components. Besides the separation 
itself, an important practical issue in this specific situation is the 
alignment of the two mixture images. One might think that, by an 
appropriate translation and rotation, the images from the two sides 
of the document could be brought into good alignment with each 
other. It was found, however, that scanners normally introduce 
slight geometrical distortions that make it necessary to use local 
alignment techniques to obtain an image alignment that is adequate 
for separation. That alignment issue is also addressed in this paper, 
because it is an important step of the image processing that needs 
to be done.
Published results concerning nonlinear BSS in real-life problems 
are still very few and apart from an earlier version of the present 
work, the only published [3] of blind source separation of a real-life 
nonlinear mixture in which the recovery of the original sources 

can be confirmed is [10]. Some other applications of nonlinear 
ICA to real-life data don’t provide means to confirm whether real 
sources were recovered.
This  manuscript’s  structure  is  as  follows:  Section II, provides 
a brief overview of nonlinear separation methods. Section III, 
presents a short summary of the MISEP method, to outline its 
basic principles and to set the notation. Section IV, presents the 
experimental results, which are assessed with objective measures 
of separation quality. Section V, concludes.

II. Overview of Nonlinear ICA Methods
In this Section, we provide a short overview of some of the main 
nonlinear ICA methods.
It is interesting to note that one of the very early works on ICA 
already proposed a nonlinear method. Although being based on 
an interesting principle (Minimization of predictability of each 
extracted component by the other components) it was rather 
unpractical and computationally heavy.
The essential uniqueness of the solution of linear ICA, together 
with the greater simplicity of linear separation and with the fact 
that many naturally occurring mixtures are essentially linear, led 
to a quick development of linear ICA. The work on nonlinear ICA 
probably was slowed down mostly by its inherent ill-posedness 
and by its greater complexity, but development of nonlinear 
methods has continued steadily. The methods that have received 
the strongest attention in recent years are very briefly outlined in 
the next paragraphs very briefly outlined in the next paragraphs. 
Ensemble learning is a Bayesian method and, as such, uses prior 
distributions as a form of regularization, to handle the ill-posedness 
problem. It is computationally heavy, but has produced some 
interesting results, including an extension to the separation of 
nonlinearly mixed dynamical processes.
Kernel-based nonlinear ICA [11], essentially consists of linear 
ICA performed on a high-dimensional space that is a nonlinear 
transformation of the original space of mixture observations. In 
the form in which it was presented in the cited reference, it used 
the temporal structure of the signals to perform the linear ICA 
operation. This apparently helped it to effectively deal with the ill-2 
posedness problem, and allowed it to yield some impressive results 
on artificial, strongly nonlinear mixtures. The method seems to 
be quite tractable, in computational terms.
MISEP [2], is an extension of INFOMAX [5], into the nonlinear 
domain. It uses regularization to deal with the ill-posedness 
problem, and is computationally tractable. It is described in more 
detail in the next Section, since it is the method used in the present 
paper.
A special class of methods that deserves mention deals with 
nonlinear mixtures which are constrained so as to make the result 
of ICA essentially unique, as in linear ICA. The most representative 
class corresponds to the so-called Post-Nonlinear (PNL) mixtures. 
These are linear mixtures followed by component-wise invertible 
nonlinearities. The interest of this class resides both in its unique 
separability and in the fact that it corresponds to well identified 
practical situations: linear mixtures observed by nonlinear sensors. 
PNL mixtures and their extensions have had a considerable 
development [15].
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III. Overview of the MISEP Method
MISEP [2], is a generalization of the INFOMAX method of 
linear ICA [5]. We recall that the latter method, although initially 
introduced under a principle of maximum information preservation, 
was later shown to be interpretable as a likelihood method and also 
as a method based on the minimization of the Mutual Information 
(MI) of the extracted components [12]. We briefly recall the latter 
interpretation, albeit using reasoning different from the one given 
in that reference.
If Y is a vector with random components Yi, we define the mutual 
information of the components of Y as

    (1)
Where, for continuous variables, as is the case here, H denotes 
Shannon’s differential entropy

    (2)
In this equation, p(x) is the probability density of the scalar 
random variable X (we denote probability density functions by 
p(·), the function’s argument clarifying which random variable 
is being considered; this is a slight abuse of notation, but helps to 
keep expressions simpler and does not create any confusion). A 
similar definition holds for H(X), where X, is a random vector, the 
difference being that the random variable is now multidimensional 
and the integral in (2) becomes a multiple integral, encompassing 
the whole domain of X.
Mutual information is a good measure of statistical dependence. 
I(Y) measures the amount of information that is shared among the 
random variables Yi. It is always positive, except if these variables 
are mutually statistically independent, in which case it is zero. 
I(Y) is also equal to the Kullback-Leibler divergence between the 
product of  the marginal densities, and the true joint density, 
p(y). These two densities are equal if and only if the components 
Yi are mutually independent.
Minimization of the mutual information of the extracted 
components is therefore a good criterion for independent 
component analysis. An interesting and useful property of mutual 
information, that we shall use ahead, is that if we apply invertible, 
possibly nonlinear, transformations to the random variables, 

, the mutual information doesn’t change: I(Z) = 
I(Y). INFOMAX uses a network with the structure depicted in 
fig. 1. Block F performs the proper, the separated components 
being yi. F is linear, corresponding just to a product by a matrix. 
The blocks are auxiliary , being used only during the training 
phase. Each of these blocks performs an invertible, increasing 
transformation  whose counter-domain is  the 
interval (0, 1).

Fig. 1: Network Structure used in INFOMAX and in MISEP. In 
INFOMAX, F is an Aaptive Linear block, and the are fixed a 
priori. In MISEP, F can be nonlinear, in and both F and  are 
adaptive.  

If    we    choose    each as the  Cumulative Distribution Function 
(CDF) of the corresponding Yi, it is easy to see that each of the 
Zi will be uniformly distributed in (0, 1), resulting in p(zi) = 1 for 
zi in that interval, and H(Zi) = 0. Therefore,

  (3)

               (4)
Mutual information is hard to minimize directly, but (4) shows 
that, under the stated conditions, this minimization is equivalent 
to the maximization of the output entropy H(Z), a maximization 
which is much easier to achieve. INFOMAX works by optimizing 
F such that H(Z) is maximized. We won’t go into the details here, 
but the reader can consult [5] for a deeper discussion.
As said above, MISEP extends INFOMAX in two directions. 
The first is being able to deal with nonlinear mixtures. This is 
achieved by allowing block F, in fig. 1, to be nonlinear. We have 
often implemented this block by means of a multilayer perceptron 
(MLP), but essentially any adaptive nonlinear structure can be 
used. For example, a radial basis function network has been used 
in [1], and a specialized structure in [3]. The second direction 
in which MISEP extends INFOMAX, is by making  the  output  
transformations adaptive. As  we  have  seen  above,  each 
should  correspond to the CDF of the corresponding extracted 
source, for the maximization of the output entropy to correspond 
to the minimization of the mutual information of the extracted 
components.
The a priori choice of the functions in INFOMAX can be seen 
as a user-made, prior assumption about the distributions of the 
sources. In MISEP the blocks are adaptive, being implemented 
by means of adequately constrained MLPs. It can be shown that 
maximization of the output entropy H(Z) leads each of these 
blocks to estimate the corresponding CDF, while simultaneously 
leading F to minimize the mutual information I(Y) [2]. Therefore, 
maximizing the output entropy simultaneously adapts the blocks 
and leads to the minimization of the mutual information I(Y). 
An issue that has frequently been discussed is whether nonlinear 
blind source separation, based on ICA, is feasible in practice. 
This debate has to do with the fact that nonlinear ICA, with no 
additional constraints, is an ill-posed problem, having an infinite 
number of solutions that are not related to one another in any 
simple way [9,14]. Therefore we cannot expect that, just by 
extracting independent components, one will be able to recover 
the original sources that were nonlinearly mixed. This is to be 
contrasted with the situation in linear ICA/BSS in which, under 
very mild constraints, there exists essentially only one solution. 
In linear ICA, if independent components are extracted, they must 
correspond to the original sources, apart from possible scaling 
and permutation. This author has argued that in the nonlinear 
case, when the mixture is not too strongly nonlinear, adequate 
regularization should allow the handling of the ill-posedness of 
nonlinear ICA, still allowing the approximate recovery of the 
sources. The nonlinearities considered in this paper would be 
classified by the author as of ―medium intensity. As we shall 
see below, approximate source recovery was possible, and the 
indetermination of nonlinear ICA didn’t lead to inadequate 
separation [11].

IV. Experimental Results
One of the main purposes of the work reported in this paper was 
to assess the viability and the advantage of performing nonlinear 
source separation, in a real-life nonlinear mixture problem, by 
means of an ICA-based separation system.In this sections we 
present the results of separation by using ICA, The fig. 2, Shows 
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the show through Document and fig. 2, shows show through 
documents after applying the ICA images objective quality 
measures. The mixture process that we used was as symmetrical 
as possible, so that an exchange of the source images should result 
just in a corresponding exchange of the mixture images (apart 
from noise). Therefore we applied symmetry constraints to the 
separation systems, as detailed ahead.

Fig. 2. Show Through Document Before Applying ICA

Fig. 3: Show Through Document After Applying ICA

V. Conclusion
We showed an application of ICA to nonlinear source separation 
in a real-life problem of practical interest. One of the main issues 
that have been discussed in the last few years, concerning nonlinear 
ICA, is whether its inherent ill-posedness can be handled in 
practical situations. Our results show that it can, at least in this 
specific problem. We should say, however, that it took quite a bit 
of experimentation to find a set of conditions that could be used 
for all image pairs, yielding a good separation with relatively little 
variability in the separation results. In an earlier work [3], we had 
not yet been able to achieve an adequate form of regularization, 
without resorting to an F block with a specialized form mask. We 
presented comparisons of MISEP-based nonlinear ICA with linear 
ICA, one of the main purposes being to demonstrate the feasibility 
and the advantage of nonlinear source separation through ICA in 
a practical situation. It would also be very interesting to compare 
the nonlinear separation results presented here with those obtained 
with other nonlinear separation methods, such as ensemble 
learning, kernel based nonlinear ICA [11], or geometric ICA. 
That comparison would have been outside the scope of the present 
paper. First of all, it would have involved a very large amount of 
additional work. Furthermore, the results obtained with a specific 
method are often much better if the method is tuned by someone 
experienced in its use. We have a reasonable amount of experience 
in using MISEP, but virtually no experience with any of the other 
methods. To enable comparisons we chose to make our test data, 
as well as our separation routines, available online.
Future work will address several different issues, among which 
we can mention:
The development of separation criteria that are more adequate 
for this problem than statistical independence. We have seen 
that, in this problem, the images to be separated may happen 
not to be independent. In such a case the quality of separation 
suffers. A more adequate separation criterion would not cause 
such degradation and might also be able to overcome much of 
the ill-posedness of nonlinear ICA, decreasing the dependence 
on regularization. 
The use of the spatial redundancy of images to reduce the ill-
posedness of the problem, hopefully achieving separation with less 
dependence on regularization. Some published results suggest that 
the use of signal structure may help to separate nonlinear mixtures 
with much reduced ill-posedness. That may make kernel-based 
nonlinear ICA a good candidate for handling this problem. 
The study of models of the mixture process that involve relatively 
few parameters. It seems possible to develop physically based 
and/or empirical models that depend on a few parameters (such 
as paper transparency and reflectivity, among others). Having few 
parameters, such models may have no ill-posedness, and may also 
be able to easily handle non-symmetrical systems.. 
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