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A TWO-STAGE SOURCE EXTRACTION ALGORITHM FOR
TEMPORALLY CORRELATED SIGNALS BASED ON ICA-R

HONGJUAN ZHANG*, ZHENWEI SHI, CHONGHUI GUO AND ENMIN FENG

ABSTRACT. Blind source extraction (BSE) is a special class of blind source
separation (BSS) methods, which only extracts one or a subset of the
sources at a time. Based on the time delay of the desired signal, a simple
but important extraction algorithm (simplified ” BC algorithm” )was pre-
sented by Barros and Cichocki. However, the performance of this method
is not satisfying in some cases for which it only carries out the constrained
minimization of the mean squared error. To overcome these drawbacks,
ICA with reference (ICA-R) based approach, which considers the higher-
order statistics of sources, is added as the second stage for further source
extraction. Specifically, BC algorithm is exploited to roughly extract the
desired signal. Then the extracted signal in the first stage, as the refer-
ence signal of ICA-R method, is further used to extract the desired sources
as cleanly as possible. Simulations on synthetic data and real-world data
show its validity and usefulness.
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1. Introduction

Independent component analysis (ICA) is a very general purpose statistical
technique in which observed random data are linearly transformed into com-
ponents that are maximally independent from each other, and simultaneously
have interesting distributions. ICA has become one of the exciting new top-
ics in the field of neural networks, especially unsupervised learning, and more
generally in advanced statistics and signal processing. Its applicability includes
blind source separation (BSS) [1, 2, 3], feature extraction [4, 5], etc.. Generally
speaking, two kinds of promising techniques have been proposed. One is BSS
(or ICA), which estimate same number of independent components (ICs) as the
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observed mixtures [6, 7]. The classical ICA is only capable of separating the full
space of ICs. However, extraction all the source signals from a large number
observed sensor signals, for example, a magnetoencephalographic (MEG) mea-
surement, which may output hundreds of recordings, could take a long time and
in these signals only a very few are desired with given characteristics instead
of all sources. Therefore it is necessary to develop another reliable, robust and
effective technique to extract only the desired signals that are potentially inter-
esting and contain useful information. Recently, Lu et al. [8, 9, 10] proposed a
good candidate, that is ICA-R, for extracting several source signals from a large
number of observed signals. It makes the best of the traces of the interesting
sources, which are referred to as the reference signals. Reference signals carry
some information to distinguish the desired components but are not identical
to the corresponding sources. In order to design them, one must know lots of
priori information. However it is not available in many cases usually. So this
method is limited to the ones that the reference signals can be easily obtained.
As to the reference selection of the desired signals, [11] has also introduced a
second-order statistics based approach to reliably find suitable reference signals
for weak temporally correlated source signals.

In many applications, such as ECG extraction, the desired source signal is
periodic or quasi-periodic. So the period property can be used to extract the
desired source signal. Barros and Cichocki [12] provided an algorithm that can
quickly extract the desired source signal with a specific period. And this algo-
rithm in all the cases can extract the desired source as long as they are decor-
related and show a temporal structure. However, this method only carries out
the constrained minimization of the mean squared error, which dose not de-
scribe the probability distribution of the innovation of the signals well. It is
a possible reason why this algorithm often contains noise contamination in the
recovered signals [13]. To overcome these drawbacks, we propose a two-stage
method for extracting the desired signals in this paper. At the first stage, the
priori information about the autocorrelation function of the primary sources is
exploited to roughly extract the desired signals from their linear mixtures. At
the second stage, the extracted signals in the first stage, as the reference signals
of ICA-R are further used to extract the source of interest as cleanly as possi-
ble. This method can be viewed from two aspects. On the one hand, when the
signal extracted by BC algorithm [12] is used to be reference signal of ICA-R,
we can obtain a very suitable reference signal for ICA-R algorithm, which solved
the difficult problem of designing reference signal in ICA-R. Whereas adding
the postprocessing of the ICA-R can also improve the quality of the extracted
signals, which may be a rewarding complementarity of BC algorithm. Simula-
tions on synthetic data demonstrated the validity of the proposed algorithm, in
which the accuracy of the extracted signal improved greatly and experiments on
real-world fetal electrocardiogram (FECG) data also show its usefulness.

This manuscript is organized as follows. The next section introduces BC
algorithm and the technique of ICA-R, meanwhile derives the two-stage blind
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source extraction method based on BC algorithm and ICA-R algorithm. Section
3 demonstrates the proposed technique with experiments using artificial data and
real-world FECG data. The final section provides discussions and conclusions.

2. Proposed Approach

2.1. BC algorithm. Let us denote the observed sensor signals x(t) = (z1(t),
«o o, Tn(t))T described by matrix equation: x(t) = As(t) where A isann xn
unknown nonsingular matrix, and s(t) = (s1(t),- -, s,(t))T is a vector of un-
known temporally correlated sources. We assume that desired source signal s;
has specific temporal structures, but they do not necessarily have to be sta-
tistically independent [15, 16]. They can be modelled by linear autoregressive
models, which has just one predicting term as:

8i(t) = asi(t — 1) + dsi (1), (1)

where ds;(t) is a zero-mean, independent identically distributed (i.i.d ) time
series called innovations and t is a specific time delay satisfying the relations
E{si(t)si(t — 1)} # 0 and E{si(t)s;(t — )} = 0,Vi # j. Because we want to
extract only a desired source signal, for this purpose we design a single neural
processing unit described as:

yt) = whx(), (2)
et) = y@)-bylt-r1), 3)
where w = (wy, - - ,wn)T is the weight vector, € represents an innovation, b is

a coefficient and y(t) denotes a recovered source signal at time ¢.

Assuming that the measured sensor signals x have already been followed by
an n x n whitening filter V such that the components of X(t) = Vx(t) are
unit variance and uncorrelated. Then the constrained minimization of the mean
squared error &(w,b) = E{e?} is used for two sets of parameters w and b.
Minimizing {(w, b) obtained the BC algorithm when its gradient reaches zeros
in relation to w and b. And, taking into account that y = wix and E{xxT} =1,
which finally lead to a very simple learning rule:

w = E{Xy}. 4)
where y, = wI%(t — 7).
2.2. ICA-R algorithm. ICA-R algorithm was proposed by Lu et al. in [8,

9, 10]. The goal of ICA-R is to obtain a learning algorithm that satisfies the
following two conditions simultaneously:

¢ every output is one of the ICs mixed in the input signals,
e the extracted ICs is the closest to the reference signal in some distance
criterion.

Let us consider x(t) = (1(t), .. .,:cn(t))T is an observed signal, and y(t) =
(11 (2), ..., yn(t))T is the recovered signal of ICA-R algorithm. The output y(t)
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is given by y(t) = Wx(t), where W = (wy,---,wy,)T is the matrix contain-
ing n weight vector w; = (wj1, - ,w;n)’ which need to be learned. In the
single source extraction, our purpose is to find from the mixed vector x one
given component s; of the source signal s. For carrying this out, we use all the
components of the input vector x to obtain the output signal, just like above
(2), which denoted by y(t) = wlx(t), where w is a vector. And r(t) denotes
the reference signal which includes some prior information of the desired source
signal. A measure of the closeness between the the desired output y(t) and
the reference signal r(t) is given by e(y(t),r(t)), in general which defines as
e(y(t),r(t)) = E{(y(t) - r(t))?}. For simplicity of the equations the time index
t is omitted in the following.
Suppose the contrast function is given by negentropy, defined by

J(w) = plE{G(y)} - E{G(v)}]", (5)

where p is a positive constant, v is a Gaussian variable with zero mean and unit
variance, and G(-) denotes any non-quadratic function [17]. Assuming that one
of the ICs is the one and the only one closest to reference , i.e.

e(wTx,r) <e(wix,r) <...<e(wi_ix,7), (6)

where w* corresponds to the desired output. Hence, a threshold & € [a (W*Tx, r),

e(wTx,7)] can be used to distinguish the desired signal from others. So there
exists a threshold parameter € such that g(w) = e(y,r) — £ < 0 is satisfied only
when y = w*Tx, but not with any other vectors w;(# w*).

Therefore, defining the following constrained contrast function:

{ max J(w) ~ p[E{G(y)} — E{G(v)}]? 7)
st. g(w)=¢e(y,m) —€<0,hw)=E{y’}-1=0.

Based on above contrast function and the approximate Newton learning, Lu et
al. provided the one-unit ICA-R learning algorithm [8, 9, 10]:

Wht1 = Wi — NRe L' (W) /8(Wr), (8)

where
C(w) = PB{xC(W)} - guBlxg'®)} - Elx), (9
stwi) = FE(G"()} - 3uE{e" ()} ~ A (10)

and k denotes the iteration index, 7 is the learning rate, Ryx = E{xxT}, p = £p
whose positive or negative sign coincident with [E{G(y)} — E{G(v)}], G'(y) and
g'(y) are the first derivatives of G(y) and g(y) with respect to y, G”(y) and g (y)
corresponding to their second derivatives.

Notice that, when observed signals x are whited as X, Rgx = E{xxT} = L
Hence (8) can be simplified:

Wit1 = Wi, — 0L (Wi)/s(wy).- (11)
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And we can omit the equality constraint h(w) and its corresponding Lagrange
multiplier A because the vector w can be normalized after the learning algorithm
(11). Therefore:

Llw) = PEBG()} ~ 5uBlxd @), (12)
swe) = PE(C"(W) - ZuBlg" ()} (13)

The multiplier  is updated by gradient-ascent method:
preyr = max{0, uk +g(Wk)}. (14)

2.3. Proposed algorithm. In the first stage, the BC algorithm in Section 2.1
is considered as the main procedure. The goal of this stage is to roughly extract
the desired source signal through exploiting its autocorrelation structure. Then
this output signal as the reference signal to further extract the desired signal
based on ICA-R (11-14) [18].

Specifically, the two-stage algorithm can be described as follows:

o Step 1: Center the observed signals x and white them to X by ann xn
whitening filter V.

o Step 2: Random initialize w'g and update it by w'i11 = E{Xy,}.

o Step 3: Normalize W' by w'x11 = W1/ l|wpqa], until ||w/pwpiq]|
approaches 1 (up to a small error), then let r = w’ { +1X, go to Step 4.
Otherwise, go back to Step 2.

e Step 4: Choose penalty parameter v and initialize wg, the Lagrange
multiplier p.

o Step 5: Update the Lagrange multiplier o by pri1 = max{0, ux +
v9(Wk)}.

o Step 6: Choose a suitable learning rate n and update w by wi1 =
Wi — nE'(wk)/s(wk).

o Step 7: Normalize w by W1 /|| We41])-

¢ Step 8: If not converged, go back to Step 4.

3. Simulations

3.1. Experiments on artificial data. To verify the validity of our algorithms,
extensive computer simulations are carried out. The performance of algorithms
to estimate the desired signal is measured by performance index (PI), which is
defined as follows

n

|25 |
Pl = — 1 k=1,...,n 15
where p; denotes the j element of the global vector p = w7 VA. PI is zero when
the desired signals are perfectly extracted. Besides, the accuracy of the recovered
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source signals compared to the sources is expressed using the signal-to-noise ratio
(SNR) in dB given by

SNR. = 101log,,(s*/MSE), (16)

where s? denotes the variance of the source signal, MSE denotes the mean square
error between the original signal and the recovered signal. The higher SNR is,
the better performance is. We generated three zero-mean and unit-variance
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Fig.1 Three artificial signals. (Sigl): FECG; (Sig2): Breathing artifact; (Sig3): One
Gaussian signal.

source signals (2500 samples), shown in Fig.1. From the top down, they are, a
FECG whose sampling period is 112 (i.e. 7 = 112), a breathing artifact and
a Gaussian signal, respectively. The observed signals are generated by a 3 x 3
mixing matrix (randomly chosen), which is given as follows:

0.61164 —0.217 —1.5127
A= —1.3606 -1.5758 —1.0067 |. (17)
0.71325 —0.81149 —0.76034

Fig.2 provides the mixed signals.

We ran BC algorithm [12], algorithm in [11] and our two-stage algorithm
simultaneously. In these simulations, the time delay 7 is all chosen to be 112
and parameter P = 1 in algorithm in [11]. In the ICA-R stage of the latter two
algorithms the learning rate 7 is set to be 5 x 1075, p = 0.01, v = 0.1 and the
multiplier p is initialized as 0.05. In this experimentsthe SNRs of the extracted
signals are 10.2777(dB) (BC algorithm), 16.0793(dB) (Algorithm in [11}) and
17.0385(dB) (our algorithm) respectively. The superiority of our algorithm over
the BC algorithm and Algorithm in [11] is straightforward. Fig.3 presents the
extracted FECGs by three algorithms.
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Fig.2 The mixtures by three artificial signals.
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Fig.3 Comparisons of extracted FECGs at 7 = 112. FECG1 is the extracted by BC
algorithm; FECG?2 is the extracted by Algorithm in [11]; FECG3 is the extracted by
our algorithm.

In order to compare the performance of separations, we tested three algo-
rithms using the performance index (15) when 7 equals 112. The performance
was estimated as the average PI values of 100 independent trials. At every trial,
three algorithms were run with 100 iterations respectively, which seemed to be
always enough for convergence. Here A and W were initialized randomly. Fig.4
provided comparison results.

It can be seen that our algorithm has more stable convergence than other
algorithms. Moreover, the average PIs are 0.7371, 0.68181 and 0.31859 for BC
algorithm, Algorithm in [11] and our algorithm respectively, from which we could
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Fig.4 Averaged Pls over 100 independent runs to three algorithms at 7 = 112.
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Fig.5 The 8-channel of ECG recording obtained from a pregnant woman.

see that the performance of our algorithm is superior to the others, especially to

BC algorithm.

3.2. Experiments on the real-world data. To check the validity of the
proposed algorithm, we have performed experiments on real-world ECG data
which is distributed by De Moor [19]. This data is a famous ECG measured
from a pregnant woman (in Fig.5). The ECG measurements are recorded over
10s and sampled at 250Hz (although in De Moor’s homepage he claims the
sampling frequency is 500Hz, Barros et al. [12] assure it is 250Hz). By using
prior information about FECG frequency, we can estimate

the optimal time delay 7 = 112. Note that the parameter P = 1 in algorithm
in [11] and in the ICA-R stage of algorithm in [11] and our algorithm, the learning
rate 7 is set to be 5 x 1074, p = 0.01, v = 0.1 and the multiplier y is initialized
as 0.05. Three extracted FECGs are shown in Fig.6. From the figure we can see



A two-stage source extraction algorithm for temporally correlated signals 1157

that FECG3 is the clearest because of removing the respiratory noise completely,
which is contained in FECG1 and FECG2 distinctly.
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Fig.6 Comparisons of extracted FECGs at 7 = 112. FECGI is the extracted by BC
algorithm; FECG2 is the extracted by Algorithm in [11}; FECGS is the extracted by
our algorithm.

4. Conclusions

In the proposed algorithm, the simple but famous algorithm—~ BC algorithm is
used as the first stage of the blind extraction of the temporally correlated sources.
It must be pointed out that BC algorithm in all the cases can extract the desired
source as long as they are decorrelated and show a temporal structure. However,
this method only carries out the constrained minimization of the mean squared
error, which dose not describe the probability distribution of the innovation of
the signals well. In order to overcome these drawbacks, we added ICA-R base
approach as the second stage for further source extraction in this work, that is,
at the first stage, BC algorithm is applied to roughly extract the desired signal
from their linear mixtures, then, the signal, which was extracted in above stage
as the reference signal of ICA-R is further used to extract the desired source
as cleanly as possible. Simulations on artificial data and real-world FECG data
have shown the better performance of the proposed algorithm. Meanwhile, some
comparisons with two existing algorithms, such as BC algorithm and algorithm
in {11}, further confirmed the validity and usefulness of the proposed algorithm.

Moreover, the constrained ICA (or ICA-R) algorithm has been widely applied
to many applications recently. But a crucial problem to the algorithm is how to
design a reference signal in advance, which should be closely related to the desired
source signal. If there is no enough a priori information about it, the reference
signal is difficult to design. With some detailed discussions on the algorithm of
ICA-R, we proposes this two-stage source extraction approach to reliably find
suitable reference signals for desired source signals. As pointed by literature [11],
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this kind of methods do not need to know the occurrence time of such responses
and their shapes, which is the other advantage of the proposed method. In fact
it only requires that the desired source signals are temporally correlated signals,
which is satisfied in most cases. Therefore the proposed method is convenient
when the desired source signals are very weak or extra a priori information (e.g.
the input stimuli) is not available. Although the proposed approach needs to
first estimate the time delays of the desired signals, it is not a difficult problem
since there are numerous algorithms to estimate such time delays. Therefore,
the proposed method is easier and more reliable in practical application.
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