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Abstract

When acquiring an image of a paper document, the image printed on the back page s@n
times shows through. The mixture of the front- and back-page images thus obtaied
is markedly nonlinear, and thus constitutes a good real-life test case for nonlingablind

source separation.

This paper addresses a ditcult version of this problem, corresponding to the use of
\onion skin" paper, which results in a relatively strong nonlinearity of the m ixture, which
becomes close to singular in the lighter regions of the images. The separatias 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 shan im-
provement over the results obtained with linear separation, but have room for furher
improvement.

Keywords: ICA, blind source separation, nonlinear mixtures, nonlinear separation, image
mixture

1. Introduction

When an image of a paper document is acquired, e.g. through aaning, photographing
or photocopying, the image printed on the back page sometime shows through. This is
normally due to partial transparency of the paper, and resuts in the acquisition of a mixture
of the images from the front and back pages. It is usually posble to obtain two di®erent
mixtures, by acquiring both sides of the document. This is a &uation that seems suited
for handling by blind source separation (BSS) techniques. Tie main dixculty is that the
images that are acquired are nonlinear mixtures of the origial images printed on each of
the sides of the paper. This is, therefore, an interesting tst case for nonlinear BSS methods,
with potential application in scanners, photocopiers and n document processing in general.

This paper addresses a dixcult instance of this problem, in wlich 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 analysigICA) technique (Almeida,
2003b). MISEP is a generalization of the well known INFOMAX technique of linear ICA
(Bell and Sejnowski, 1995), extending it in two directions: (1) being able to handle nonlinear
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mixtures, and (2) using output nonlinearities that adapt to the statistical distributions of
the extracted components.

Besides the separation itself, an important practical isse in this speci ¢ 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 cold be brought into good
alignment with each other. It was found, however, that scanrers normally introduce slight
geometrical distortions that make it necessary to use locahlignment techniques to obtain
an image alignment that is adequate for separation. That algnment issue is also addressed
in this paper, because it is an important step of the image praessing that needs to be done.

Published results concerning nonlinear BSS in real-life prblems are still very few. To
the author's knowledge, and apart from an earlier version othe present work (Almeida and
Faria, 2004), the only published report of blind source sepetion of a real-life nonlinear
mixture in which the recovery of the original sources can be on rmed is (Haritopoulos
et al., 2002). Some other applications of nonlinear ICA to ral-life data, e.g. (Lappalainen
and Honkela, 2000), (Lee and Batzoglou, 2003), don't provid means to con rm whether
real sources were recovered.

This manuscript's structure is as follows: Section 2 provieges a brief overview of non-
linear separation methods. Section 3 presents a short summa of the MISEP method, to
outline its basic principles and to set the notation. Section 4 describes the experimental
conditions, including image printing, acquisition and alignment. Section 5 presents the ex-
perimental results, which are assessed with objective meagses of separation quality. Section
6 concludes.

In the printed version of this paper some of the details of sora images may be lost due
to the printing process. However, the paper is freely availale online, and in the electronic
online version one can zoom in on the images (scatter plots @himages of sources, mix-
tures and separated components) to better view the details.In the pdf version (» 7 MB)
the images are encoded in JPEG format and therefore show sonatifacts, which become
noticeable on close inspection. The postscript version shes the images without artifacts,
but corresponds to a larger Te (» 14 MB). The two versions are available at
http://www.IX.it.pt/ » |balmeida/papers/AlmeidaJMLRO5.pdf
http://iwww.Ix.it.pt/ » Ibalmeida/papers/AlmeidaJMLRO5.ps.zip

The source and mixture images used in this paper are availablonline at
http://www.Ix.it.pt/ » Ibalmeida/ica/seethrough
The separation routines that were used to produce the result are available at
http://iwww.Ix.it.pt/ » Ibalmeida/ica/seethrough/code/jmIr05

2. Overview of nonlinear ICA methods

In this Section we provide a short overview of some of the maimonlinear ICA methods.
This overview is necessarily very brief, and the reader is fferred to an overview paper
(Jutten and Karhunen, 2004) for more complete information.

It is interesting to note that one of the very early works on ICA (Schmidhuber, 1992)
already proposed a nonlinear method. Although being basedroan interesting principle
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(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 (Comn, 1994), together with
the greater simplicity of linear separation and with the fact that many naturally occurring
mixtures are essentially linear, led to a quick developmentof linear ICA. The work on
nonlinear ICA probably was slowed down mostly by its inheren ill-posedness and by its
greater complexity, but development of nonlinear methods las continued steadily (e.g. Burel,
1992; Deco and Brauer, 1995; Marques and Almeida, 1999; Palerti et al., 1999; Theis
et al.,, 2003). The methods that have received the strongest téention in recent years are
very brie°y outlined in the next paragraphs.

Ensemble learning (Lappalainen and Honkela, 2000) is a Bagian method and, as such,
uses prior distributions as a form of regularization, to hardle the ill-posedness problem. It
is computationally heavy, but has produced some interestig results, including an extension
to the separation of nonlinearly mixed dynamical processe¢Valpola and Karhunen, 2002).

Kernel-based nonlinear ICA (Harmeling et al., 2003) essendlly consists of linear ICA
performed on a high-dimensional space that is a nonlinear trasformation 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 inear ICA operation. This
apparently helped it to e®ectively deal with the ill-posednes problem, and allowed it to
yield some impressive results on arti cial, strongly nonlinear mixtures. The method seems
to be quite tractable, in computational terms.

MISEP (Almeida, 2003b) is an extension of INFOMAX (Bell and Sejnowski, 1995) 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 withamlinear mixtures which
are constrained so as to make the result of ICA essentially uque, as in linear ICA. The
most representative class corresponds to the so-called pesbnlinear (PNL) mixtures (Taleb
and Jutten, 1999). These are linear mixtures followed by corponent-wise invertible non-
linearities. The interest of this class resides both in its mique separability and in the fact
that it corresponds to well identi ed practical situations: linear mixtures observed by non-
linear sensors. PNL mixtures and their extensions have had @onsiderable development
(see Jutten and Karhunen (2004) for references).

3. Overview of the MISEP method

MISEP (Almeida, 2003b) is a generalization of the INFOMAX method of linear ICA (Bell
and Sejnowski, 1995). We recall that the latter method, although initially introduced under
a principle of maximum information preservation, was later shown to be interpretable as a
maximum likelihood method (Pearimutter and Parra, 1997), and also as a method based on
the minimization of the mutual information (MI) of the extra cted components (HyvArinen
and Oja, 2000). We brie°y recall the latter interpretation, a Ibeit using a reasoning di®erent
from the one given in that reference.
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If Y is a vector with random componentsY;, we de ne the mutual information of the
components ofY as X
1(Y)= H(Y) i H(Y) (1)

i
where, for continuous variables, as is the case herél denotes Shannon's di®erential entropy

z
H(X)=1i  p(x)logp(x)dx: (2)

In this equation p(x) is the probability density of the scalar random variable X (we denote
probability density functions by p(9, the function's argument clarifying which random vari-
able is being considered; this is a slight abuse of notationbut helps to keep expressions
simpler and does not create any confusion). A similar de niton holds for H (X), where X
is a random vector, the di®erence being that the random variake is now multidimensional
and the integral in (2) becomes a multiple integral, encompasing the whole domain ofX .

Mutual information is a good measure of statistical dependace. 1(Y ) measures the
amount of information that is shared among the random variadesY;. It is always positive,
except if these variables are mutually statistically independent, in which case it is zero.
1(Y)is al§5) equal to the Kullback-Leibler divergence between tk product of the marginal
densities, ", p(y;) and the true joint density, p(y). These two densities are equal if and
only if the componentsY; are mutually independent.

Minimization of the mutual information of the extracted com ponents is therefore a good
criterion for independent component analysis. An interesing and useful property of mutual
information, that we shall use ahead, is that if we apply invatible, possibly nonlinear,
transformations to the random variables, Z; = Ai(Y;), the mutual information doesn't
change:1(Z) = I(Y).

INFOMAX uses a network with the structure depicted in Fig. 1. Block F performs the
separation proper, the separated components being;. F is linear, corresponding just to
a product by a matrix. The blocks A; are auxiliary, being used only during the training
phase. Each of these blocks performs an invertible, increasy transformation z = A;(y;),
whose counter-domain is the interval [Q1].

Y:

0 — Y1 —m 4

Y2

0,——» y, —— 2

Figure 1: Network structure used in INFOMAX and in MISEP. In | NFOMAX, F is an
adaptive linear block, and the A; are "xed a priori. In MISEP, F can be nonlinear,
and both F and A; are adaptive.

If we choose eact\; as the cumulative distribution function (CDF) of the corres ponding
Yi, it is easy to see that each of theZ; will be uniformly distributed in [0 ; 1], resulting in
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p(zi) =1 for z in that interval, and H(Z;) = 0. Therefore,

1Y) = |2 @)
= H@)i HE) @
= iHE@) ©)

Mutual information is hard to minimize directly, but (5) sho ws that, under the stated
conditions, this minimization is equivalent to the maximiz ation 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 (Bell
and Sejnowski, 1995) or (HyvArinen and Oja, 2000) for a deep discussion.

As said above, MISEP extends INFOMAX in two directions. The r st 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 amultilayer perceptron
(MLP), but essentially any adaptive nonlinear structure can be used. For example, a radial
basis function network has been used in Almeida (2003a), ana specialized structure in
Almeida and Faria (2004).

The second direction in which MISEP extends INFOMAX, is by making the output
transformations A; adaptive. As we have seen above, each; should correspond to the
CDF of the corresponding extracted source, for the maximizéon of the output entropy
to correspond to the minimization of the mutual information of the extracted components.
The a-priori choice of the A; functions in INFOMAX can be seen as a user-made, prior
assumption about the distributions of the sources. In MISEP the psi; blocks are adap-
tive, being implemented by means of adequately constrainedlLPs. It can be shown that
maximization of the output entropy H (Z) leads each of these blocks to estimate the corre-
sponding CDF, while simultaneously leadingF to minimize the mutual information 1(Y)
(Almeida, 2003b). Therefore, maximizing the output entropy simultaneously adapts the A;
blocks and leads to the minimization of the mutual information | (Y ).

An issue that has frequently been discussed is whether nomiear blind source separation,
based on ICA, is feasible in practice. This debate has to do h the fact that nonlinear
ICA, with no additional constraints, is an ill-posed problem, having an in nite humber of
solutions that are not related to one another in any simple wg (Darmois, 1953; HyvArinen
and Pajunen, 1999; Marques and Almeida, 1999). Therefore weannot expect that, just
by extracting independent components, one will be able to reover 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 essentally only one solution (Comon,
1994). In linear ICA, if independent components are extraced, they must correspond
to the original sources, apart from possible scaling and penutation. This author has
argued that in the nonlinear case, when the mixture is not toostrongly nonlinear, adequate
regularization should allow the handling of the ill-posedness of nonlinear ICA, still allowing
the approximate recovery of the sources. The nonlinearitie considered in this paper would
be classi ed by the author as of \medium intensity". As we shall see below, approximate
source recovery was possible, and the indetermination of mdinear ICA didn't lead to
inadequate separation.
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4. Experimental setup

In this section we describe the experimental setup, includig details of image printing,
acquisition and preprocessing

4.1 Source images

We used ve image mixtures as test cases. The corresponding pa of source images are
shown in Figs. 2 and 3. The main properties of these image parare as follows:

1. In the rst pair, each image consists of 25 uniform bars with intensities that are
uniformly spaced between black and white, and are randomly amlered. The rst
image has vertical bars, and the second image is just the rst oe rotated by 9C°.
Thus, by construction, the intensities of the two images areindependent, and each of
the images has an intensity distribution which is close to uriform.

2. The second pair consists of images of natural scenes withrelatively high degree of
variability and relatively small details. This causes a strong \mixing" of intensities,
and the two sources are approximately independent from eaclother. However, the
small details tend to make image superposition (due to impeiect separation) hard to
notice visually.

3. The third pair consists of an image of a natural scene, on omside of the paper, and
an image of printed text (Times New Roman, 12-point font) on the other side. Since
the text has many large changes of intensity in very small aras, a good \mixing" of
the intensities from both images takes place, and the two soces are approximately
independent.

4. The fourth pair consists of printed text on both sides of the paper, with a few graphs
on one of the sides. Once again, the intensities from the twoides of the paper are
well mixed, and therefore approximately independent. The peculiarity of this pair is
that, since printed text has a much larger area of white than d black, only a very
small percentage of pixels is simultaneously dark on both dies of the paper. This has
some in°uence on the separation results that are obtained, ase shall see.

5. The fth pair consists of images of natural scenes that havdarge areas with quasi-
uniform intensity. This causes a relatively weak mixing of intensities, making the
intensities from the two sides of the paper non-independent. This fact has some
impact on the separation results, as we shall see. The largeelatively uniform areas
of the images make imperfect separation easier to notice viglly than in case 2 above.

The leftmost columns of Figs. 4 and 5 illustrate the joint distributions of the source
images. These plots deserve some comments. First of all we aiid note that, for the
joint distributions of the two sources of each pair to be mearngful, the source images had
to be adjusted in resolution and aligned, so as to be in the sam relative position as in
the acquired mixtures. For that purpose each source image veareduced in resolution to
the same size as the corresponding acquired mixture imageand was then aligned with
the corresponding separated component from nonlinear sepation (see Section 4.3 for the
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In this example we are creating mixtures that involve natural images, printed text and graphs. The special
characteristic of printed text and graphs is that they normally involve just two intensity levels (black and white)
although, due to the above mentioned noise, these will appear, in the scanned images, as two clusters of
intensity levels.

The separation of mixtures of two-level images, such as printed text, may be much easier than the separation of
grayscale images. In fact. at least in the case of mixtures that are not too strong, a simple thresholding
procedure may yield the desired results. Such a procedure can be casily performed by hand with most image
processing programs, and should not be hard to automate. In such a case the use of more general blind source
separation methods might be an overkill, both because it would involve a much larger amount of processing
and because it might actually yield worse results. This is an extreme case in which prior knowledge about the
sources can strongly simplify the separation process.

In the case of grayscale mixtures, the use of a separation method based on a good model of the physical mixing
process should yield much better results that the use of a generic nonlinear separation method. A physical
model could have a small number of parameters 1o be estimated, and would thus allow a much more precise
estimation. Furthermore, it might avoid the inherent ill-posedness of nonlinear blind separation, which is
currently addressed through regulatization. The parameters of such a model could be estimated by an
independent component analysis criterion.

Another issue of interest is the definition of separation criteria that are more suited for images or for printed
d than statistical In fact, images and/or text from the opposite pages of a printed
document can easily happen not to be independent from one other. For examples, images of landscapes tend (o
be lighter on the top than on the bottom, inducing a correlation between intensities of both. Also, in printed text
with regularly spaced lines, the lines from both sides of the paper may happen to fall on top of each other, or
the lines from one side may fall on the intervals of the lines from the other side, also inducing a significant
correlation between intensities from both sides of the document. It would be interesting to use criteria based on
anotion of image complexity, but these may not be easy to define, and may be even harder to use as criteria for
optimizing a source separation system.

Figure 2: The rst three pairs of source images, before printng. The images have been
cropped, and one image in each pair has been horizontally °ipgd, to correspond
to its position in the acquired images. Each image was then muced in resolution
and aligned to correspond, as well as possible, with the aciued images.
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Figure 3: The fourth and fth pairs of source images, before pinting. One image in the
last pair has been horizontally °ipped. In the fourth pair no °i pping has been
performed, in order to keep the text's readability. Note, however, that the right-
hand image of that pair appears °ipped in the mixtures shown alead.



Separating a Real-Life Nonlinear Image Mixture

Figure 4: Scatter plots of the rst three image pairs. From let to right: source images,
acquired images, linear separation and nonlinear separain. The three rows cor-
respond to the three pairs of images of Fig. 2. In each scatteplot, the horizontal
axis corresponds to intensities from the left-hand image andhe vertical axis to
intensities from the right-hand image. The scale of each plotranges from black
(left/bottom) to white (right/top). Each scatter plot show s 5000 randomly se-
lected points from the corresponding pair of images.
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Figure 5: Scatter plots of the fourth and fth image pairs. From left to right: source
images, acquired images, linear separation and nonlineareparation. The two
rows correspond to the two pairs of images of Fig. 3.

alignment procedure and Section 5.2 for the nonlinear sepation procedure). Both the
resizing and the alignment procedures involved bicubic inerpolation of the pixel intensities.
The result of such interpolation is visible in the edges of tke bars and of the text characters,
in Figs. 2 and 3, which show the source images after resizinghd alignment.

Some more comments are useful for a better understanding ohe source distributions:

2 The \grid" look of the "rst scatter plot re°ects the fact that ea ch of the source images
had only 25 equally spaced intensities. Some intermediateniensities also appear in
the plot due to the intensity interpolation performed in the resizing and alignment
processes.

2 The second scatter plot shows that, in this case, the two sowres are almost inde-
pendent from each other. The plot shows some evidence of sattion in the lightest
intensities of the right-hand source image (vertical axis ofthe scatter plot). Since
this saturation is in the source image, before printing, it should have no signi cant
in°uence on the mixture and separation processes.

2 The third and fourth scatter plots also show that the corresponding source pairs
are approximately independent. The distributions of the saurces that are images of
text show that a very large percentage of their pixels is whie. The non-white pixels
show a continuous distribution, instead of just a black leve, due to the interpolation
performed in the resizing and alignment processes. The intpolation e®ect is much
more noticeable here than in the rst pair because, the charater sizes being much

10
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smaller than the widths of the bars, many pixels fell on blackwhite edges, and only
a very small percentage fell completely within black regios of the characters.

2 The fth scatter plot clearly shows that the sources of this pair are not independent.
The plot shows some evidence of intensity quantization in tke darkest levels of the
left-hand source image (horizontal axis of the scatter plot) and of saturation in the
lightest intensities of the same image. Since the quantizabn and saturation are in
the source image, before printing, they should have no signiant in°uence on the
mixture and separation processes.

4.2 The mixture process: printing and acquisition

The images from each pair were printed on opposite faces of éaet of onion skin paper.
Printing was done with a 1200 dpi laser printer, using the printer's default halftoning system.
Both faces of the sheet of onion skin paper were then scanneditv a desktop scanner at
a resolution of 100 dpi. This low resolution was chosen on pyose, so that the printer's
halftoning grid would not be apparent in the scanned images.The scanner's \descreening"
option (whose purpose is to minimize the visibility of the halftoning grid) was turned on.

We tried to keep the printing and acquisition processes as symetrical as possible: the
two source images in each pair were handled in an identical wa and the two acquired
mixture images in each pair were also handled in an identicalvay. This implied disabling
the scanner's \automatic image adjustment” feature, which adjusts the acquired image's
brightness, contrast and gamma value in a manner that is not peci ed in the scanner's
documentation.

The second column of scatter plots of Figs. 4 and 5 shows the ijut distributions of the
mixture components (after alignment, which is discussed inthe next Section). The shapes
of the mixture distributions show that the mixtures are nonl inear. This is especially clear in
the rst image pair, in which the joint distribution of the sou rces is approximately uniform
within a square. A linear mixture process would have resulte in a mixture uniformly
distributed within a parallelogram. The observed distribution has a shape that is far from
a parallelogram and that is non-uniform, being more dense toard darker intensities than
toward lighter ones. Both facts indicate that the mixture is nonlinear. The deviation from
a parallelogram shape gives an idea of the amount of nonlineiy.

The mixture distribution, in the st pair, shows no traces of the discrete intensity levels
that were present in the source images. This is due to noise iroduced by the mixture
process. This noise comes from three sources, at least: (1) printing process, with the
halftoning to reproduce grayscale levels; (2) the noise fim the scanning process (from other
tests of the same scanner this noise appears to be rather weakssentially amounting to
the intensity quantization into 256 levels), and (3) inhomogeneity of the onion skin paper
(from our experience this appears to be the strongest sourcef noise). Later we'll have the
possibility to have a better idea of the total amount of noise introduced by the mixture
process.

On close inspection, the mixture scatter plots show that thepoints are arranged on a
square grid. This is a result of the intensity quantization performed by the scanner.

11
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4.3 Preprocessing

In the preprocessing stage, in each pair of acquired imagese of them was "rst horizontally
°ipped, so that both images would have the same orientation. Then the images of each pair
were aligned with each other by hand. In preliminary tests wefound that even a very careful
alignment, using translation, rotation and shear operations on the whole images, could not
perform a good simultaneous alignment of all parts of the imges. This was probably due
to slight geometrical distortions introduced by the scanne. It indicated that an automatic,
local alignment was needed. The use of the automatic local glnment relaxed the demands
placed on the initial manual alignment.

In the alignment procedure that was nally adopted, the rst st ep consisted just of a
manual displacement of one of the images by an integer numbesf pixels in each direction,
so that the two images would be coarsely aligned with each otbr. In a second step an
automatic, local alignment was performed. For this, the reslution of both images was
“rst increased by a factor of four in each direction, using biabic interpolation. Then, one
of the images was divided into 10(E 100 pixel squares (corresponding to 28 25 pixels
in the original image), and for each square the best displacaent was found, based on
the maximum of the cross-correlation with the other image. The whole image was then
rebuilt, based on these optimal displacements, and its redation was reduced by a factor
of 4. In this way a local alignment with a resolution of 1=4 pixel was achieved. Note that,
although the alignment consisted only of local translatiors, it did handle the small rotations
and shears that occur in problems of this kind, because thesdeformations consist just of
di®erent displacements for di®erent points of the image. Theatt that we used the same
displacement for each 2% 25 subimage caused only a negligible misalignment, relate/to
the true displacement that would be appropriate for each pixel.

There is a large variety of image alignment methods describein the literature, varying
due to such aspects as the kinds of images to be aligned, the gnose of the alignment,
etc. The reader can nd an overview, somewhat oriented towardnedical images, in Maintz
(1998). The method that we used was designed speci cally for dndling the problem we
needed to solve, but bears strong resemblances to some of theethods mentioned in that
overview, and we make no claims to its originality.

As a nal preprocessing step, the intensity range of each paiof images was normalized
to the interval [0; 1], O corresponding to the darkest pixel in the image pair andl to the
lightest one. Figures 6 and 7 show the acquired images afterreprocessing?

As said above, we tried to keep the processing of both images each pair as symmetrical
as possible. An obvious asymmetry is due to the fact that onlyone image in each pair
was modi ed in the alignment procedure. We used a high qualityintensity interpolation
method (bicubic) in the alignment procedure, so as to a®ect te image's quality as little as
possible. The separation results that we present ahead, bad on a symmetry constraint,
seem to con rm that the mixture process was kept very close to ymmetrical, despite the
asymmetry in the alignment procedure.

2. All images of mixtures and of separation results displayed in this pap er were adjusted in brightness and
contrast so as to saturate the 1% brightest and 1% darkest pixels. This is a procedure that is commonly
used for better display of images. This adjustment was performed for i mage display only: not for image
separation and also not for the computation of quality measures.

12
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Figure 6: The rst three pairs of acquired images, after prepocessing.

13
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Figure 7: The fourth and fth pairs of acquired images, after preprocessing.

14
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5. Separation results

One of the main purposes of the work reported in this paper waso assess the viability and
the advantage of performing nonlinear source separation,ni a real-life nonlinear mixture
problem, by means of an ICA-based separation system. Therefe we used source sepa-
ration by linear ICA as a baseline for comparison. The next setions present the results
of separation by linear and nonlinear ICA, followed by an asessment of the results with
objective quality measures.

The mixture process that we used was as symmetrical as pos$#h so that an exchange
of the source images should result just in a corresponding ekange of the mixture images
(apart from noise). Therefore we applied symmetry constrants to the separation systems,
as detailed ahead.

5.1 Linear separation

The linear ICA method that we used was MISEP with a linear F block, which corresponds
to INFOMAX with adaptive nonlinearities. Each A block was formed by an MLP with

a single input and a single output, and with a hidden layer of 2 sigmoidal units. The
output unit of each of these MLPs was linear, and there were ndshortcut" connections

between input and output. The training set consisted of 5000pairs of intensities, from
randomly chosen pixel pairs of the acquired images. Th& block was initialized with the

identity matrix, and training was performed during 200 epochs, which were suzcient for
convergence. TheF block was constrained to be symmetrical. Symmetry was not eforced
on the A blocks because the distributions of the two sources were, igeneral, di®erent from
each other.

For each image pair, ten runs of the separation were made. Tl di®ered from one
another in the selection of the 5000 pairs of pixels used to fe the training set, and in the
random initialization of the weights of the A MLPs. The results of the ten runs were very
similar to one another. Figures 8 and 9 show the results that wre best, according to quality
measureQ: (see Section 5.3). We see that a reasonable degree of sep@atwas achieved in
all cases, but some interference remained. The scatter plstin Figs. 4 and 5 (third column)
show that, although a certain amount of separation was achieed, the nonlinear character
of the mixture could not be undone by linear ICA, as expected.(Note: the arrangement of
the scatter plots' points into lines { and, in fact, into a gri d-like structure, although that is
less apparent { is a result of the intensity quantization performed by the scanner).

5.2 Nonlinear separation

For nonlinear separation we used MISEP with a nonlinearF block. This block consisted
of a multilayer perceptron with two inputs, two outputs and a hidden layer of 40 sigmoidal
units. The output units were linear, and the hidden units were divided into two groups
of 20, each group being connected to one of the output units. fiis MLP also had direct,
\shortcut” connections between inputs and outputs. Since the output units were linear,
the block could implement linear separation exactly, by seting the weights of the hidden
layer's connections to zero.
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Figure 8: \Best" results of linear separation: rst three image pairs.
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Figure 9: \Best" results of linear separation: fourth and "ft h image pairs.
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As noted above, regularization plays an important role in dealing with the ill-posedness
of nonlinear ICA. In our case regularization was achieved byhree means: (i) initializing the
F network to perform an identity mapping, (ii) constraining t hat network to be symmetrical,
and (iii) constraining that network to be linear during the r st 100 training epochs (by
keeping the output weights of the hidden layer equal to zero dring those epochs). Training
was stopped at 400 epochs. At that point the progress of the gjimization was in general
very slow. As atest, in a few cases the optimization was extetred to a much larger number
of epochs, without any signi cant change in the separation reults. Therefore the exact
stopping point that was chosen doesn't appear to have had anysigni cant in°uence on
the results. The A blocks had the same structure as in the linear separation cas Each
400-epoch training run took approximately 9 minutes on a 1.6 Gz Pentium-M (Centrino)
processor.

For each image pair, ten runs of the separation were made, wlit di®erent random se-
lections of the 5000 pixel pairs forming the training set, am with di®erent random initial-
izations of the MLPs' weights (excluding, of course, those wights that were initially set to
the identity matrix or to zero). Figures 10 and 11 show the bes results that were obtained
(\best" according to quality measure Q»). The scatter plots corresponding to these sepa-
rations are shown in the rightmost column of Figs. 4 and 5. Figires 12 and 13 show the
worst separation results that were obtained (\worst" again according to Q).

5.3 Measures of separation quality

The images shown in the previous Section give an idea of the garation quality, but their
evaluation is rather subjective. It depends on the viewer, a8 well as on other factors such
as the conditions under which the images were printed or are iewed. Furthermore, a
reasonable amount of image superposition can pass unnotidén regions in which the \main"
image has much variability. For these reasons we decided tolso use objective measures of
separation quality, which are not sensitive to such e®ects.

Experience with objective quality measures for nonlinear eurce separation is still very
limited. This led us to compute four di®erent quality measures. The srt, that we denote
by Q1, was simply the signal to noise ratio (SNR) of the extracted @omponent relative to the
corresponding source€. We should note that, in a nonlinear separation context, the SNR,
besides being sensitive to incomplete source separation drto noise, is also sensitive to
any nonlinear transformation of the intensity scale that may be caused by the mixture and
separation processes. It is well known that, in linear sepaation, the sources are recovered
with unknown scale factors. In nonlinear ICA-based separatbn, each recovered source may
be subject to an unknown nonlinear, invertible transformation. MeasureQ; gives a global
indication of the distortion of the extracted component relative to the corresponding source,
including any nonlinear transformation of the intensity scale, besides including incomplete
separation and noise.

Due to the possible presence of a nonlinear transformation fathe intensity scale, our
other three quality measures were de ned so as to be invarianto such transformations.
The second quality measure,Q2, was a signal to noise ratio, modi ed so that it had the

3. For the computation of all quality measures we used the resized and aligned source images.

18



Separating a Real-Life Nonlinear Image Mixture

Figure 10: \Best" results of nonlinear separation: rst thre e image pairs.
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Figure 11: \Best" results of nonlinear separation: fourth and fth image pairs.
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Figure 12: \Worst" results of nonlinear separation: rst thr ee image pairs.
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Figure 13: \Worst" results of nonlinear separation: fourth and fth image pairs.
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invariance property mentioned above. It was given by

variance of S
variance of N ’

Q2= (6)
where S was the source image andN was the noise that was present in the extracted
component. This noise was computed as

N=Ff(Y)i S; (7)

Y being the extracted component, andf being a nonlinear, monotonic transformation
chosen so thatQ, was maximal. In other terms, we chose a nonlinear, monotonitransfor-
mation of the intensity scale of the extracted component thd made it become as close as
possible to the corresponding source in SNR terms, and thensged its SNR as the quality
measure. The optimal f (§ was computed in table form. This was possible because the
number of intensity levels in each image is nite, since eachmage has a nite number of
pixels.
The other two measures that we used were information-theorec:

2 Q3 was the mutual information between each extracted componenand the corre-
sponding source. The mutual information was estimated froma set of 5000 randomly
selected pixel pairs, chosen independently from those foring the training set, and
was computed using thel () estimator described in Kraskov et al. (2004), withk = 3
(k is the nearest neighbor order used in that estimation algothm; its recommended
range, given in that reference, is between 2 and 4).

2 Q4 was the mutual information between each extracted componenand the opposite
source, computed in the same manner as foDs3.

Note that other quality measures could easily be envisagedFor example, Q4 Q3 would
be a measure similar in spirit to the well known Amari index (Amari et al., 1996), but
based on mutual information, to account for nonlinearities, and using a di®erence instead
of a quotient due to its logarithmic character.

Another kind of measure that might come to mind would be similar to Q4 (indicating
the amount of interference, from the \wrong" source, that is present in the extracted com-
ponent) but measured in terms of SNR instead of mutual information. Such a measure
would not have made much sense, however, because in a nonlamecontext the interference
can be \positive" in some parts of the image and \negative" in other parts. These positive
and negative parts would tend to cancel out. Therefore such aneasure could sometimes
indicate a misleadingly low amount of interference. In a meaure like Q4, based on mutual
information, such positive and negative interferences do at cancel out, but instead have a
cumulative e®ect.

As a reference for assessing the amount of separation achesl’by the various methods,
we show in Table 1 the values of the quality measures for the miure components after
preprocessing, without any separation.

The mean values of the quality measures for each of the ten-ruseries of separations are
shown in Table 2. Note that for Q1, Q2 and Q3 higher values are best, while forQ,4 lower
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No separation
Image pair | Quality measure source 1 source 2
Q1 1.9 1.9
1 Q2 12.1 12.2
Qs 1.21 1.23
Qa4 0.48 0.49
Q1 -1.7 6.0
2 Q2 8.7 12.3
Qs 1.11 1.34
Q4 0.56 0.60
Q1 -4.5 6.6
3 Q2 154 154
Qs 0.38 1.65
Q4 1.35 0.12
Q1 0.9 -2.3
4 Q2 17.1 16.7
Qs 0.56 0.29
Q4 0.23 0.43
Q1 9.6 -6.4
5 Q2 16.7 10.9
Qs 1.85 1.07
Q4 0.86 1.18

Table 1: Values of the objective quality measures for the unsparated mixture components.
In this and in the following table Q; and Q» are given in dB and Q3 and Q4 in
bits.
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Linear separation Nonlinear separation
Image pair | Quality measure source 1  source 2| source 1 source 2
Q1 9.0 8.7 13.8 13.1
1 Q2 17.8 17.6 20.6 20.2
Qs 2.03 1.96 2.45 2.39
Q4 0.48 0.46 0.23 0.26
Q1 5.2 10.5 9.3 13.9
2 Q2 13.1 16.3 16.0 18.3
Qs 1.56 1.78 1.83 1.95
Q4 0.37 0.53 0.24 0.40
Q1 4.5 11.2 6.2 11.2
3 Q2 19.3 19.7 20.6 20.9
Qs 0.80 1.99 0.85 2.11
Q4 0.36 0.18 0.09 0.15
Q1 5.8 3.4 6.0 3.7
4 Q2 20.2 20.1 20.5 20.5
Qs 0.74 0.48 0.75 0.51
Q4 0.11 0.16 0.11 0.16
Q1 134 6.6 14.2 6.4
5 Q2 19.7 19.0 20.3 18.9
Qs 2.13 1.34 2.19 1.29
Q4 0.71 0.46 0.56 0.49

Table 2: Objective quality results. The results shown are tre average for each of the sets of
ten test runs. The best result for each case is shown in bold wén the di®erence
(linear versus nonlinear) was signi cant at the 95% con dencelevel. For Qi, Q>
and Q3 higher results are better, while for Q4 lower results are better.

values are best. The cases in which the di®erence between léameand nonlinear separation
was signi cant at the 95% con dence level are shown in bold in te table.

The measure that seemed to correlate best with our subjecti® evaluation of separation
quality was Q», and this is why we chose it for the selection of the \best" and\worst"
examples shown in Sections 5.1 and 5.2. The next best w&3;. Q4, which was intended to
measure the amount of interference from the \wrong" sourcewas the one which correlated
worst with our subjective quality evaluation.

5.4 Assessment of the results

For the rst three image pairs, both the objective quality measures and our subjective
evaluation showed a clear advantage of nonlinear separatioover linear separation. Even
the worst results of nonlinear separation seemed to be bette in general, than the best
results of linear separation. Comparison of the third and fairth columns of scatter plots
(Figs. 4 and 5) also con rms the advantage of nonlinear sepat@on. This advantage was

25



Almeida

not so clear, however, for the fourth and fth image pairs. We dscuss now why we think
this was so.

For the fourth image pair, most objective quality measures $ill show an advantage
of nonlinear separation, but this advantage is very small, ad our subjective evaluation
showed the results of linear and nonlinear separation to beeary similar in quality. This is
also con rmed by comparing the corresponding scatter plotsn Figs. 4 and 5. In this image
pair, most pixels are white in at least one of the sources. Theource scatter plot is dominated
by two lines of points, located on the top and right-hand edgesof the plot. This has the
consequence that, with the speci ¢ mixture that was involvedin the problem under study,
linear ICA was able to perform a rather good separation. We se from the scatter plot of
the linearly separated components that the lower-left areacorresponding to simultaneously
dark pixels on both sources, was left un'lled by linear ICA. But this represented a rather
small percentage of pixels, and had little impact on the oveall separation quality.

We also see, from the rightmost scatter plot, that nonlinear separation also left the
lower-left area un'lled. This may seem to be due to an incomple¢ optimization, but we
tried extending the optimization to a much larger number of epochs without any signi cant
change in the results. It is possible that the result shown coesponds to a local optimum.
By playing with the network structure, with the initial cond itions and with the constraints,
we were sometimes able to get a result in which the lower left r@a of the scatter plot was
‘Tled. However, this made very little di®erence in the subjectve or objective quality of the
separation.

The results for the fth image pair show that one of the sourceswas best separated
by the linear method, while the other was best separated by tle nonlinear one. But the
di®erences between the two methods were rather small, evendbhgh most of them were
statistically signi cant. Nonlinear separation apparently su®ered a negative impact from the
fact that the sources were not independent from each other ashwe were using independence
as the separation criterion. The nonlinear separation netvark had many more degrees of
freedom than the linear one, and used them to try to make the ekracted components more
independent from each other. In doing so it impaired the sepeation of one of the sources,
instead of improving it, since the actual sources were not idependent.

An important aspect of the results that we obtained is that, although the mixture
process was nonlinear, and nonlinear separation could, inrpciple, introduce an arbitrary
nonlinear transformation in each separated component, thetotal amount of nonlinearity
introduced by the mixture and separation processes was retevely small. This is clear
from the separation images that were shown (which were only ormalized in brightness and
contrast, as mentioned above) and from the values of the), measure. We also illustrate
this, in a more clear form, in Fig. 14. This gure shows a scatte plot of the rst extracted
component versus the corresponding source, for the \averaj case of the rst image pair
(the \average" case was chosen as the one whose value@% was closest to the average for
the ten runs).

From our experience, there were two factors that were imporant in achieving this low
level of nonlinearity. One was the fact that we linearly \pri med" the separation network,
by constraining it to be linear during the rst 100 epochs. The other factor was that we
gave a great amount of °exibility to the A networks, by implementing them with a large
number of hidden units. In previous tests in which these networks had just 6 hidden units,
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Figure 14: Scatter plot of the rst extracted component versus the corresponding source, in
an \average" run on the rst image pair. Horizontal axis: source; vertical axis:
extracted component.

the separation results, as measured byQ», Q3 or Q4 were not very di®erent from those
presented here, but there often was a signi cant amount of nohnearity introduced in the
extracted components. This seems to have been caused by tkeblock trying to compensate
for the limitations of the A networks which could not, by themselves, make the distributon
of eachZ; close to uniform.

There are some other aspects of the results, and of the experice that we gained in
studying this problem, that are worth discussing. One of them has to do with the amount of
noise introduced by the mixture process. We can take advantge of the fact that the source
images that contain text have a large percentage of purely wite pixels, which show up as
strong, very thin lines in the corresponding scatter plots n the rst column of Figs. 4 and
5, for having an idea of the amount of noise present in the mixtires and in the separated
components. After the mixture, and also after linear or noninear separation, these lines
appear broadened in the scatter plots, looking like fuzzy dek bands. The widths of these
bands gives an idea of the amount of noise that was introducedby the mixing, or by the
mixing plus separation. In the separation results the noiseepresents a signi cant percentage
of the whole intensity range. Note that the separation process does not, by itself, introduce
any noise. However, since it essentially consists of perfioring a weighted di®erence between
the two mixture components, it does increase the amount of nise that is present, in relative
terms.

Another interesting aspect has to do with understanding the \scale" of the quality
measures based on mutual information (especially 0Q3 since, as we've already saidQ4
seemed to be less meaningful). We were surprised by the relaely low values of mutual
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information between source and extracted component, even ken the images looked well
separated andQ indicated relatively high SNR values after compensation ofnonlinearities.

For natural scene images, the mutual information between sorce and extracted component
was roughly around 2 bits, while for text images it was below 1bit. We can also observe
from Table 2 that, for each source image, a change of 1 dB in SNR.e. in Q) corresponded,
approximately, to a change of 0.1 bit inQ3. Small changes in the value of mutual information
seem to be much more signi cant than we expected before perfoiing these tests.

An important aspect of the mixture process, that we have not nentioned so far, is that
it didn't seem to be a purely point-wise process. The intensiy of each source image at
each point appeared to a®ect the observed mixture intensit in a small neighborhood of
that point. This is especially noticeable by closely examiiing the separation results in the
cases in which the image to be suppressed was a text image. Thause of this phenomenon
probably was some lateral di®usion of light inside the paperThe e®ect was relatively weak
at the scanning resolution that we used, but should become me pronounced at higher
resolutions. A more perfect separation system should takehis into account. However, non-
point-wise nonlinear ICA is still essentially an unstudied topic, and is beyond the scope of
this paper.

Another important aspect has to do with the use of the symmetry constraint. We were
careful in ensuring that, both during scanning and in the preprocessing stage, both sides of
the paper were handled in the same way. This allowed us to usegymmetry constraint in the
separation networks. Such symmetry conditions in the mixtue can probably be obtained
when using a system like our desktop scanner, in which the par has to be °ipped, and the
same set of sensors is used to acquire both sides. Howeverdustrial scanners, which are
used to digitize large quantities of documents, normally aquire both sides of the document
at the same time, using two di®erent sets of sensors. Such scans often are strongly non-
symmetric.* In such cases the symmetry constraint couldn't probably be sed, or would
have to be used only in an initial part of the training, after which it would have to be
relaxed. We had no access to images from such scanners, andethfore couldn't assess
what degree of separation would be achievable with them.

Still regarding a possible application to an actual scannimy or photocopying device, there
are two other aspects worth mentioning. One is that it doesnt seem to be possible to have
a xed separator, optimized at the factory for a speci ¢ device This is because the mixture
depends at least on the paper being used, and possibly also ¢me printing ink, halftoning
process and other similar factors. It seems possible, hower; to develop a physical model
of the mixture process, with a small number of parameters, ad then to nd (algebraically
or by approximate means) a parameterized inverse system. $t parameters may then be
estimated through an ICA criterion. MISEP seems suited for this task, since it can use
essentially any parameterized nonlinear system in thé= block.

Another practical aspect has to do with the possible warping(existence of ripples) in
the document being processed. We found that even very weak pples, barely noticeable
in the scanned images, would result in very strong light and @rk bands in the separated
images, both with linear and with nonlinear separation. This was, of course, a situation in
which the mixture was spatially variant, and could not be adequately undone by a spatially

4. We acknowledge A. Shustorovitch for useful information regarding in dustrial scanners.
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invariant system. In our case we solved the problem by applyig a very strong pressure to
the cover of the scanner while scanning the documents, in oet to eliminate the ripples.
This might become an important issue in a practical applicaion.

6. Conclusion

We showed an application of ICA to nonlinear source separatin in a real-life problem of
practical interest. One of the main issues that have been dussed in the last few years,
concerning nonlinear ICA, is whether its inherent ill-posedchess can be handled in practical
situations. Our results show that it can, at least in this speci ¢ problem. We should say,
however, that it took quite a bit of experimentation to nd a se t of conditions that could
be used for all image pairs, yielding a good separation with elatively little variability in
the separation results. In an earlier work (Almeida and Faria, 2004) we had not yet been
able to achieve an adequate form of regularization, withoutresorting to an F block with a
specialized form.

We presented comparisons of MISEP-based nonlinear ICA withihear ICA, one of the
main purposes being to demonstrate the feasibility and the dvantage of nonlinear source
separation through ICA in a practical situation. It would al so be very interesting to compare
the nonlinear separation results presented here with thosebtained with other nonlinear
separation methods, such as ensemble learning (Lappalaineand Honkela, 2000), kernel-
based nonlinear ICA (Harmeling et al., 2003) or geometric I (Theis et al., 2003). That
comparison would have been outside the scope of the presengper. First of all, it would
have involved a very large additional amount of work. Furthermore, the results obtained
with a speci ¢ method are often much better if the method is tuned by someone experienced
in its use. We have a reasonable amount of experience in usingISEP, but virtually no
experience with any of the other methods. To enable compar@ns we chose to make our
test data, as well as our separation routines, available oithe (see the end of Section 4.3).

Future work will address several di®erent issues, among whicwe can mention:

2 The development of separation criteria that are more adequte for this problem than
statistical independence. We have seen that, in this problm, the images to be sep-
arated may happen not to be independent. In such a case the qlity of separation
su®ers. A more adequate separation criterion would not caussuch degradation and
might also be able to overcome much of the ill-posedness of ntimear ICA, decreasing
the dependence on regularization.

2 The use of the spatial redundancy of images to reduce the ill{psedness of the prob-
lem, hopefully achieving separation with less dependencenoregularization. Some
published results (Harmeling et al., 2003) suggest that theuse of signal structure may
help to separate nonlinear mixtures with much reduced ill-psedness. That may make
kernel-based nonlinear ICA a good candidate for handling thé problem.

2 The study of models of the mixture process that involve relatvely few parameters. It
seems possible to develop physically based and/or empiritanodels that depend on a
few parameters (such as paper transparency and re°ectivityamong others). Having
few parameters, such models may have no ill-posedness, and ynalso be able to easily
handle non-symmetrical systems.
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