WAVELET BASED NONLINEAR SEPARATION OF IMAGES
Mariana S. C. Almeida and LsiB. Almeida

Instituto de Telecomunicées
Instituto Superior €cnico
Av. Rovisco Pais — 1, 1049-001 Lisboa, Portugal
mariana.almeida@lIx.it.pt, luis.almeida@Ix.it.pt

ABSTRACT images were obtained is given in [1]. The source and mix-

. i . ture images are available onlinehdtp://www.Ix.it.
This work addresses a real-life problem corresponding ot/ Ibalmeidalica/seethrough/index.html ,

to the separation of the nonlinear mixture of images which L
- ; and are shown in Fig. 2.
arises when we scan a paper document and the image from . . .
Extracting the source images from the scanned mixtures

the back page shows through. . . ) . .
The proposed solution consists of a non-iterative proce- ISa nonlinear b"T‘d source separation (BSS) prqblem. This
dure that is based on two simple observations: (1) the highklnd of problemlls_often_ approached by assuming that the
sources are statistically independent from each othectwhi

frequency content of images is sparse, and (2) the image

printed on each side of the paper appears more strongly in'[hen justi es the use of an Independent Component Analy-

the mixture acquired from that side than in the mixture ac- ?)'S (IC]:A?[ method. Llne?r ICfAt'rS] awell uPdIerst_ood proble;r;.h
quired from the opposite side. ne of its main properties is the essential unigueness of the

These ideas had already been used in the context Otsolution [2]. Nonlinear ICA is still much less studied, how-

nonlinear denoising source separation (DSS). However, i”:ZFJ{ifnndTsﬁgerrsébigrﬁ?ﬁé?é’ df?gThigonéuglﬁﬁw?/gfvzss ?‘;;T_e
that method the degree of separation achieved by applyingl. ; pre . . pap .
ife nonlinear, noisy mixtures of images, some of which are

these ideas was relatively weak, and the separation had to tind dent f h other. Thi d d
be improved by iterating within the DSS scheme. In this ,?OO el?heerpe'rt]h f:e r:g::.ne:;r cﬁarzrc.ter cl)? tﬂg”r;]'ﬂ tegaer;ﬁir;ce,
paper the application of these ideas is improved by chang- 9 Wi ! IXture,

ing the competition function and the wavelet transform that the qu:ah.ty of the result; of ICA;J—lbaseﬂ methods él]'h h
is used. These improvements allow us to achieve a good The image separation problem that we study here has

separation in a single step, without the need to integrate th been previously addressed by two other methods. The one

process into an iterative DSS scheme. The resulting separad®Scribed in [1] was based on the MISEP method of non-

tion process is both nonlinear and non-local. linear ICA [3], using a multilayer perceptron as separating

We present experimental results that show that the methady Stem- The other one [4] was based on the. nonlinear de-
achieves a good separation quality noising source separation (DSS) method, which uses some

of the basic ideas that are used in this paper, albeit in a less
ef cient manner. The same image separation problem is
1. INTRODUCTION also addressed in another paper in this conference [5]. That

) paper presents a solution based on a physical model of the
If we scan or photograph a paper document, the image frompixiyre process, the model's parameters being trained by

the back page often appears superimposed on the imaggeans of an ICA criterion through the MISEP method.
from the front page, especially if the paper is thin or rather In contrast to ICA-based methods, the solution proposed

transparent. Here we deal with a dif cult version of this j, ynis paper does not assume independence of the sources.
problem, corresponding to the use of onion skin paper. ThlsIt uses, instead, other properties of images and of the mix-

creates a strong nonlinear mixture. In our case the MiX-y, e hrocess. More speci cally it uses, on the one hand, the
ture images were obtained by printing photos and/or text on g sty of the coef cients of the wavelet decomposition of
both sides of a sheet of onion skin, and then using a COm'images and, on the other hand, the fact that, in this kind

mon desktop scanner to scan both sides of the onion skin. Ayt iyt e each source image appears more strongly in the
more complete description of the way in which the mixture .+ re acquired from the side of the paper in which that

This work was partially supported by FCT project POSC/EEA- image i§ print_ed than_ in the mixture vaUireq frqm the op- .
CPS/61271/2004. posite side. Since no independence assumption is made, this




method is able to separate images that are not independent
from each other.

The separation method proposed here is similar to the
denoising step of the nonlinear DSS method described in \
[4]. However, while that denoising step yielded only a par- L'_I
tial separation which had to be improved by iterating within

the DSS scheme, the improvements proposed here allow a | s
rather complete separation to be performed in a single step, m o w |
|
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without the need for any iterative DSS procedure. In con-
trast to nonlinear DSS, and also to the ICA-based methods

mentioned above, which perform a pixel-by-pixel mapping, 1 Competeon
the method proposed here is non-pointwise, due to its use " n I e
of wavelets.

This manuscript is organized as follows: Section 2 de- _ ) )
scribes the separation method. Section 3 presents experi-F'g_' 1. Schematic representation of the wavelet-based sepa-
mental results. Section 4 concludes and presents future ref@tion method.
search directions.

In the printed version of this paper, small details of the
images are not visible. However, in the electronic version, _ o Ximi ©)

: : , : Yi = iR
images can be zoomed into, to view small details. hxZm?i

wherei 2 f 1; 2g indexes the two sides of the paper,are
the wavelet coef cients of a given type (for example vertica
coef cients at the rst decomposition level) of the decom-
position of theith mixture imagexs ; are the correspond-
The separation procedure that we propose manipulates théng coef cients from the other mixture image, agdare the
images through a wavelet based representation, and usegorresponding coef cients that are used for synthesizirg t
only very basic information about the sources and the mix- ith separated imagéi denotes the mean computed across
ture process. More speci cally, the information that isdise the coef cients of a given type, and is a parameter that
consists of two observations: controls the strength of the competition.
This competition was applied to all horizontal, vertical
1. The high frequency components of common images and diagonal wavelet coef cients at all decomposition lev-
are sparse. In a wavelet based representation this isls (represented, in Fig. 1, by blocks — horizontal coef -
translated into the fact that wavelet coef cients have cients at leve] , V; — vertical coef cients at levej, andD;
sparse distributions [6]. As a consequence, the wave-_ diagonal coef cients at levgl). The competition com-
let coef cients from two different source images will putes maskn; through a softvinner take alffunction given
seldom both have signi cant values in the same im- py Eq. (2), and then applies this mask to the wavelet co-
age location. ef cients of the mixture image, so that the coef cients are
much intensi ed in the image in which they originally were
strongest and much weakened in the image in which they
were weakest.
The separated images were synthesized using, at all lev-
els (except for the low frequency coef cients of the deepest

The separation method is summarized in Fig. 1. After level), the wavelet coef cients computed by this form of
performing wavelet decomposition for a certain number of competition. For the low frequency coef cients at the deep-
levels, we perform a competition between the correspond-€st level &, in Fig. 1) we have used, in some cases, the
ing wavelet coef cients from the two mixture images, ac- COef cients from the corresponding mixture image and, in

2. SEPARATION METHOD

2.1. High frequency competition

2. Each source is more strongly represented in the im-
age acquired from the side of the paper in which that
source is printed than in the image acquired from the
opposite side.

cording to other cases, a value of zero, as detailed ahead.
q .
i= i Q) 2.2. Improvements in the separation method
1 One of the important aspects of the separation method has
m; = 7 2 to do with the choice of the wavelet representation. The

1+exp a;'g;,—,(% commonly used decimated wavelet transform showed not to



be very appropriate for the task at hand, leading to a rather 3. EXPERIMENTAL RESULTS

incomplete separation. This was probably due to its shift-

varying character, which makes it represent edges better or

worse depending on their exact location. We tried two dif- The separation method described in Section 2 was applied

ferent wavelet transforms, to circumvent this limitation: to the ve pairs of mixtures shown in Fig. 2, both with and

without the preprocessing described in Section 2.3. In the

The discrete complex wavelet transform [7], which yeconstruction of each separated image we used, for the
is almost shift-invariant and is rather directionally se- |qw frequency coef cients &, in Fig. 1) the coef cients
lective. This transform has the disadvantage of having from the corresponding preprocessed image, in the cases in
to use wavelets with a relatively large support, which \yhich preprocessing was used. In the cases in which no
make it less effective in handling the ner details of preprocessing was used, we havessgt= 0 for the recon-
Images. struction. This yielded somewhat better results than kegpi

the coef cients from the corresponding mixture image. The

value of parametea used in Eq (2) was 510, which cor-

is shift-invariant and can use short-support wavelets o . .
. responds to a strong competition, the mask implementing
(e.g. Haar), at the cost of using a largely redundant : .
almost a hard winner take all function.

representation, which translates into a somewhat higher
computational cost. We performed separations both with the complex wave-
_ _ ~lettransform and with the stationary wavelet transfornhwit
An important improvement of the proposed separation Haar wavelets. The depth of wavelet analysis was 7 for
method relative to the denoising step used in nonlinear DSSpairs 1, 2 and 3, and 8 for pairs 4 and 5. Using a 1.6 MHz
[4] consists of the use of a shift-invariant (or almost shift  pantium-m (Centrino) processor, the separations of pairs 1
invariant) wavelet transform instead of a decimated one. g 3 took approximately 3 seconds each with the complex
Another important improvement consists of the use of the \yayelet transform, and 20 seconds each with the station-
competition procedure described in Egs. (1-3). Together, ary wavelet transform. For pairs 4 and 5, which consist of
these two improvements make it possible to perform the |arger images and which used a deeper wavelet analysis, the
separation in a single step, just by means of the wavelet-genarations took approximately 14 seconds with the com-

based competition. The method avoids both the use of thepjey wavelet transform and 3.5 minutes with the stationary
multilayer perceptron and of the iteration that were neededansform.

in nonlinear DSS. Being non-iterative, the method is much

more ef cient than both nonlinear DSS and the ICA-based The best separation results were obtained with the sta-
methods mentioned above. tionary wavelet transform with preprocessing, and are show
in Fig. 3. Due to lack of space we only present all the
separation results for this variant of the method. For other
variants (without preprocessing and/or with complex wave-
While the separation method that we've described can belets) we only present a subset of the results. Results ob-
directly applied to the mixture images, it makes sense to tained with complex wavelets with preprocessing are shown
perform a partial separation by a linear procedure, as a pre-in Fig. 4. Results obtained without preprocessing are shown
processing step. Many linear ICA methods use decorrela-in Figs. 5 and 6.

tion for this purpose. In our case we were constrained by ) ) ] )

the fact that the mixture process was symmetrical (i.e. both 1€ quality of the results obtained with stationary wave-
sides of the paper were handled in virtually identical ways) €tS and preprocessing (Fig. 3) is quite good. The main im-
Therefore the preprocessing procedure should also be symPerfection is a decrease in the contrast of each image in re-
metrical. Symmetry, in this context, means that the matrix 910nS where the other image is darker. This is probably due
that multiplies the mixture vecto®, should obeyp, = g1 f[o the fact that, in ea_lch mixture, the contrast of each source
andq; = . A decorrelation matrix doesn't normally 1S strongly reduced in areas where the other source is dark.

obey the latter condition. We used a “quasi-decorrelating” Since the separation method only performs a competition,
matrix given by without any attempt to compensate for this contrast reduc-

tion, the contrast variation appears in the separated image

The stationary discrete wavelet transform [8], which

2.3. Preprocessing

aitayp

Q= 2 ana W (4) The results obtained with complex wavelets and pre-
821 2 processing (Fig. 4) are still quite good, although they show
wherea; are the elements ok, which is a decorrelating  somewhat stronger imperfections. The results obtaindu wit
matrix given by the square root of the autocovariance matrix out preprocessing (Figs. 5 and 6) show signi cantly strange
of the mixture dataA already obeys;, = az1). degradations.
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Fig. 2. Images used in the tests. Left: Source images. Right: vixtnages.



Fig. 4. Results obtained with the complex wavelet trans-
form with preprocessing.

Fig. 3. Results obtained with the stationary wavelet trans-
form with preprocessing.

Fig. 5. Results obtained with the stationary wavelet trans-
form without preprocessing.



Fig. 6. Results obtained with the complex wavelet trans-

form without preprocessing.

4. DISCUSSION AND FUTURE WORK
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We presented a non-iterative method for separating a real-

life nonlinear mixture of images. The method is fast and

yields images that have a good perceptual separation qual-
ity. It does not assume independence of the sources, making [g]

use of other properties of images. Therefore the quality of
the results is not affected by the possible non-indeperedenc

of the source images.

The main imperfection of the separation results is a vari-

ation in the contrast of each image. This contrast depends
on the other image's intensity in the same area. In the future [7]
we plan to incorporate a contrast compensation mechanism

in the separation method, to eliminate this imperfection.

Contrary to other separation methods that have been pre-
sented in the literature, which are pointwise (in the sense [g]
that the intensity of each pixel of a separated image depends

only on the intensities of the corresponding pixels of the
mixture images), the method presented here is not point-
wise. If we take into account that the largest Haar wave-

lets havel28 128pixels in a 7 level decomposition and

256 256 pixels in an 8 level one, we see that the separa-

tion that is performed is strongly non-pointwise. Therefor

9]

pointwise quality measures such as those that have been
used with other separation methods [1, 4] are not appro-[10]

priate for evaluating the perceptual quality of this metsod

results. We plan to assess the separation quality with other
more perceptually oriented measures, such as those pro-

posed in [9, 10].
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