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Abstract. The In this paper we present a method for blind deconvolution of
linear channels based on source separation techniques, for real groats.si
This technique applied to blind deconvolution problems is based in exploiting
not the spatial independence between signals but the temporal independence
between samples of the signal. Our objective will be to minithieenutual in-
formation of the output in order to retrieve the original signal. To nuskeof

this idea we need that input signal be a non-Gaussian i.i.d. sigatalu®e most
real world signals do not have this i.i.d. nature, we will needéprpcess the
original signal before the transmission into the channel. Likewisshweald as-
sure that the transmitted signal has non-Gaussian statisticdeintorachieve

the correct function of the algorithm. The strategy used for this quessing

will be presented in this paper.

1 Introduction

The problem of source separation may be formulatedhe recovering of a set of
unknown independent signals from the observatidmeixtures of them without any
prior information about either the sources or thgtane [1, 2]. The strategy used in
this kind of problems is based in obtaining sigredsindependent as possible at the
output of the system. In the bibliography multiplgorithms are proposed for solving
the problem of source separation in instantanemasad mixtures, from neural net-
works based methods [3], cumulants or moments rdstf 5], geometric methods
[6] or information theoretic methods [7]. In reabsd situations, however, the ma-
jority of mixtures can not be modeled as instantaiseand/or linear. This is the case
of the convolutive mixtures, where the effect ofachel from source to sensor is
modeled by a filter [8]. Or the post-nonlinear (PNhixtures, where the sensor is
modeled as a system that performs a linear mixatisurces plus a nonlinear func-
tion applied to its output, in order to have intz@unt the possible non-linearity of
the sensor (saturation etc.) [9].



Mathematically, we can write the observed signalsaurce separation problem
of instantaneous and linear mixtures as (see figjure

e(t)= ia,- s (t) @

whereA={ a, } is the mixing matrix. It is well known that suctsgstem is invertible

if the source signals are statistically independami we have no more than one
Gaussian signal.
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Fig. 1. Block diagram of the mixture system and blind demixing system. Bothixmatand
signals gt) on the mixture process are unknown.

A solution may be found by minimizing the mutudiormation function between
the outputs of the system y

min [1 (y)] = min, i H(y,)-H(e)- Indet(B]E

A particular case of blind separation is the caskliad deconvolution, which is
presented in figure 2, and can be expressed ifraheework of Equation (1). Devel-
opment of this framework is presented in the foltogywsection.
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Fig. 2. Block diagram of the convolution system and blind deconvolution system. Betthfi
and signal s(t) on the convolution process are unknown.



2 Mode and assumptions

We suppose that the input of the syst&nfis(t)}is an unknown non-Gaussian inde-
pendent and identically distributed (i.i.d.) proze®/e are concerned by the restitu-
tion of s(t) observing the system’s output. This implies thirchinversion of a filter.
From figure 2, we can write the output of filterin a similar form that obtained in
source separation problem, Equation 1, but now wétttors and matrix of infinite
dimension:

e=Hs

where:
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is a Toeplitz matrix of infinite dimension and repents the action of filtdr to
the signalks(t). This matrixh is nonsingular provided that the filtkiis invertible, i.e.
h* exists and satisfids'Ch = h{h™" = 3, whered, is de Dirac impulse. The solution to
invert this systems and the more general nonlisgatems (Wiener systems) are
presented and studied in [10, 11] where a Quagpa@metric method is presented.

2.1 Summary of the deconvolution algorithm

From figure 2 we can write the mutual informatidrttee output of the filtew using
the notion of entropy rates of stochastic procefk#sas:

1 () Ilm—DZ _T,---,YT)E

~0 2T +1
=H(y(r))-H(v)

whereTt is arbitrary due to the stationary assumption. ifipait signalS={s(t)} is
an unknown non-Gaussian i.i.d. proceés{y(t)} is the output process agddenotes
a vector of infinite dimension whoseh-entry isy(t). We shall notice thal(Y) is
always positive and vanishes wheéis i.i.d.

@

After some algebra, Equation (2) can be rewrit®fila]:
t)e jte

To derive the optimization algorithm we need thendgive of I(Y) with respect
to the coefficients ofv filter. For the first term of Equation (3) we have

©)

1(v)=H( Ilog do - E[€]
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wherey(u)=(logP,)'(u) is thescorefunction. The second term is:
2 e_jtg (5)
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where one recognizes thet}-th coefficient of the inverse of the filter, which
we denoteW(—t) . Combining Equations (5) and (6) leads to:

E[x —t)Lp ] w(-t)

that is the gradient df(Y) with respect ton(t). Using the concept of natural or
relative gradient, the gradient descendent algorithll be finally as:

w o w el -, ()] o w

3 Application to speech signals

If we want to apply this method to real word signele have to solve the problem
that the signals are usually not i.i.d., so we nahto use this method directly. In
order to use that, we need to preprocess the sigoal to ensure its temporal inde-
pendence between samples and also to ensure #Sauassian distribution.

3.1 Whitening of speech signal

For speech signals we observe that the i.i.d. ¢iomdis not attained and will be nec-
essary a preprocessing stage consisting in a vimitef the original signal that can
be done by an inverse LPC filter. In figure 3 we sae the autocorrelation sequence
of a speech segment corresponding to the vowebéddre and after the whitening
filter. Note that the prediction residual has peaksultiples of the pitch frequency,
and that the other periodicities are reduced.
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Figure 3. Left: wave form of Vowel /a/ and thre prediction residual. Riglimparison of the
normalized autocorrelations of the vowel signal and the residual bPGe

The result obtained by a whitening filter is andi.isignal but of Gaussian distri-
bution because the output (error) signal in a ling@dictors is Gaussian. Conse-
qguently it will be necessary to change de probigbdiensity function of the i.i.d.
signal in order to acquire the necessary conditiorapply the deconvolution process
in reception.

3.1 Des-Gaussianity of speech signal

In figure 4 we show the quantiles of the signal #relresidual vs. the quantiles of a
gausian distribution. One can see that the whitaigual has a nearly linear relation
and is simetric.

In order to change its probability density functiove propose a method based
on the following observations:

1. Speech signals are periodic signals, with a fundaah@eriod (frequency).

2. A whitening filter removes all the components andeps only the non-
predictable part that corresponds precisely toett@tation of the speech signal,
the pitch, but the residual continues to be gaudistnibuted.

Starting from this observations we propose theofuoilhg method for speech sig-
nals:

1. Normalize the whitened signal provided by a LP@fiin a way that the maxi-
mums associated whit the periodic excitation beenrad +1.

2. Pass the result signal trough a nonlinear fundii@t maintain the peak values
but modify substantially all the other values, #fere the pdf. For this function
we propose:



2.1. exponential functiorx(-): attenuate all the values between two consecutive
peaks.
2.2. tanh(-) amplify all the values between two consecutivakse

Mormal Probability Plot Mormal Prabability Plot

0.999
0.997 0%
el . ¥ 098
098 - #f-? 095 g H»#*
0% M{ om0 "
080
PPl I
075 g 075
2 om0 // 2 om0
=] 2
o o
025
025
010 """’ g
005 P 010 M
. o
o ey
+ s
0.003 0 [ -
0.00 oot

-1 05 i} 05 1 15 -1000 -600 o 500 1000
Data w10t Data

Fig. 4. Plot of the quantiles of the whitened speech signal versus probabgitafissian. One
can observe the Gaussianity of the distribution.

The effect of this process will be that the outpignal will maintain important
parts of the signal (the peaks of the series) aiticchange the form of the distribu-
tion. In the next figure we can see the proposetthoak

s'(t) s(t)
— M kO

H_J

Preprocessing stage

Fig. 5. The proposed preprocessing stage, composed by a whitening filter M andreeaonli
functionk(-) preserving the most important part of the input signal.

4 Experimental results

The input signal is a fragment of speech signapprcessed previously as scheme of
figure 5. This is the signal that we want to traitsthrough an unknown channel.
Our objective is to recover the original sigedt) only from the received observation

e(t).
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Fig. 6. On the top, the proposed preprocessing stage, and the convolution systemd@mthe
the blind deconvolution system and the postprocessing stage.

Consider, now, the filterh as a FIR filter with coefficients:h=[0.826,-
0.165,0.851,0.165,0.81.G~igure 7 shows thdt has two zeros outside the unit circle,
which indicates thah is non-minimum phase. The system that we propdiealw
ways Yyield a stable equalizer because it computefRaaproximation of the IIR op-
timal solution. The algorithm was provided withigral of sizeT = 500. The size of
the impulse response wfwas set to 81. In the preprocessing stage théHeafd PC
was fixed at 12 coefficients and nonlinear functidesGaussianity wask(u)=u’.

In figure 8, at the left we show the predictionidesl, before and after a cubic
non-linearity. At the right we show a quantile ptftthe residual vs. a gausian distri-
bution. It can be seen that it does not followredir relation. The results showed in
figure 9 prove the good behavior of the proposegdrithm, i.e. we perform correctly
the blind inversion of the filter (channel). Thecogered signal at the output of the
system has the spectrum showed in figure 10. Weseanhow, although we have
modified in a nonlinear manner the input signathia preprocess stage, the spectrum
matches the original because non-linear funckbh preserve the structure of the
residual (non-predictable part) of the signal. Tiféerence between harmonic peaks
of speech signal and background noise is aboutB48odpossibly this noise will not
be heard due to the 'masking' effect.
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Fig. 7. Zeros oth. We observe two zeros outside the unit circle, so the fil@fr ni®n-minimum
phase.
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Fig. 8. On the left, thdpc residue of the signal supperposed with the residual after the non-
linear opperation. On the right, the quantile of the processed resilsak the quantiles of a
gausian distribution.

5. Summary

In this paper we have presented a method for klegwbnvolution of channel applied
to real world signals, based on source separagicdmiques. These techniques assure
that a channel is invertible if the original sigmahon-Gaussian and i.i.d. In order to
apply this result to speech signals we will neegreprocess the original signal due
to its periodic characteristic (no i.i.d. propertyp avoid this problem we propose a



whitening stage by means of an inverse LPC filted applying after a non-linear
function for dessaussianitythe signal. This function should preserve the irtgpa
part of the signal. Thereby we modify the densitphability function without
changing the important part of the signal. In reioep after the deconvolution of the
signal, we need a postprocessing stage to obtaioribinal speech signal, by means
of the LPC filter.
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Fig. 9. In the left filter coefficients evolution of the inverse filtev. The convergence is at-
tained at 150 iterations approx. In the right, convolution between fil@nd it's estimated
inversew. The result is clearly a delta function.
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Fig. 10. Input signal spectrum (continuous line), output signal spectrum (dottedalidel)PC
spectrum (Thick line). We can observe the similarity of thesetispes at low frequencies.
The main difference is related to the high part of the spectrutheofeconstructed signal,
which is due to the fact that the Ipc recostruction alocatesiness to the parts of the spec-
trum with high energies

For a future works we are studying other possieditin order to apply source
separation techniques to linear or non-linear cehdeconvolution problems with
real world signals. Our preliminary work indicatdtht we can effectively invert the



nonlinear deconvolution by means of source semaraéchniques [10, 11] but for a
real word signals it is necessary to study how are mreprocess this signals to insure
the i.i.d. and non Gaussian distribution necessanyditions to apply these tech-
nigues.
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