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Abstract

A new neural-network approach is presented for ex-
tracting independent source signals one-by-one from a
linear mizture of them when the number of noisy mized
signals is equal to or larger than the number of sources.
In this approach, two types of cascade neural networks,
having similar structures, are employed. The first cas-
cade network performs prewhitening (preprocessing) of
the mized signals by sequentially extracting principal
components. From the normalized (to unit variance)
prewhitened signals, the second network, then, sequen-
tially extracts the original source signals in order ac-
cording to their stochastic properties, namely, in de-
creasing order of absolute values of normalized kurto-
sis. Fatensive computer stmulations confirm the valid-
ity and high performance of our approach.

1. Introduction

Recovery of original signals from a linear mixture
of them when the mixing coefficients are not known is
called blind separation of sources. This type of prob-
lems has potential applications to many areas of sci-
ence and engineering [2-4,6,7,9-14,18]. This problem
can be formulated as follows. Let the sensor signals
at discrete time ¢ (¢t = 0, 1, 2, ...) be described by
x(t) = As(t) + n(t), where x(¢) is an n x 1 sensor
vector, s(t) is an m x 1 unknown source vector having
independent and zero-mean elements, A isann X m
unknown mixing matrix, and n(¢) is Gaussian noise.
The task of the problem is to recover the m unknown
sources.

Most of the algorithms in the literature employ an
underlying assumption that the number of sources is
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known and usually equal to the number of sensors [2-
4,7,10,12-14]. Thereby, those algorithms can efficiently
perform separation of the source signals in a fully paral-
lel fashion. However, in practise, the number of sources
is not known and can change rapidly in time, and is
usually smaller than the number of sensors, 1.e., m <n
[6]. Ome possible approach for solving such a prob-
lem is to extract source signals sequentially (one-by-
one) [5,9-11]. This method is mainly composed of two
stages: one for extraction of a single source signal from
the mixture and one for generation of new input mixed
signals which do not contain the already extracted sig-
nals.

In general, methods for blind equalization or decon-
volution problems [17] can be applied to the first stage,
as done in [5,9,11,13]. Namely, extraction of an inde-
pendent source signal can be achieved by maximizing
(and/or minimizing) the fourth order cumulants £4(y;)
subject to certain constraints, e.g., E(y?) = mqg = 1,

or ||[wi|| = 1, or wy = 1, where def wlix, =

Z?Il wq;(t)x1;(t). For the second stage, an adaption
of the orthogonal Schur eigenvalue deflation technique
was used in [9]. This technique is, however, not suited
for on-line, real-time applications due to its rather high
complexity. In [11], the hierarchical orthogonalization
technique, as used in the SGA (Stochastic Gradient As-
cent) algorithm [15] and the GHA (Generalized Heb-
bian Algorithm) algorithm [16], was used. However, it
is rather difficult to choose proper values for the co-
efficient constant corresponding to the orthogonalizing
feedback term, unless a priori knowledge of the kurtosis
of source signals is known.

In this paper, we present a neural network approach
which 1s able to extract source signals on-line when
m < n in decreasing order according to absolute values
of their normalized kurtosis. In this approach, “in-
teresting” signals, those most deviated from Gaussian
signals, are extracted first. This approach has high ap-



plicability, for instance, when the number of sources 1s
large and only some of them are interesting or when
useful signals are buried in Gaussian noises [5,10]. In
addition, our approach needs no a priori knowledge of
statistics of source signals. In our approach, we em-
ploy two types of simple cascade neural networks: one
for performing prewhitening (or sphering) of the sen-
sor (mixed) signals and one for extracting the source
signals from the prewhitened input signals.

In the rest of the paper, we present the prewhiten-
ing cascade neural network and the extraction cascade
neural network in Sections 2 and 3, respectively. We
show exemplary simulation results in Section 4, and
summarize by conclusions and indicating open prob-
lems in Section 5.

2. Cascade Neural Network for
Prewhitening and PCA

In practise, we are often faced with ill-conditioned
cases due to the fact that some specific source signals
are dominant in the mixture or differences in the co-
variances of the source signals can be relatively large.
Moreover, our optimization criteria (maximization of
absolute value of normalized kurtosis) is valid under
the condition that the mixed signals are prewhitened
(i.e., decorrelated).

We, therefore, need to first decorrelate the sen-
sor signals x(¢) by a linear transformation known as
prewhitening, i.e., x1(f) = Vx(t) such that Ry, ,, =
E[Xl(t)xf(t)] =1,.

For this purpose, we can use a simple local learning
rule:

V(t+1) = V() + )T —x(t)x] (1) (1)
or a global learning rule
V(t+1) = V() + ()T - x(t)x] (D)V(EL).  (2)

However, when m < n, these algorithms may have
some problems with convergence, especially for fixed
learning rate 1. More complicated algorithms such as
the SGA algorithm [15] and the GHA algorithm [16]
also are not able to estimate precisely higher principal
components corresponding to small eigenvalues. This
is due to the fact that Gram-Schmidt orthogonaliza-
tion is not robust with respect to numerical errors. In
this section, we present a robust cascade neural net-
work (see Fig. 1.a) which performs prewhitening of sen-
sor signals by sequentially extracting principal compo-
nents [1]. We extract principal components (PC’s) se-
quentially by employing the concept of self-supervising
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Figure 1. The architectures of cascade neural
networks: (a) for PCA and prewhitening, (b)
for blind extraction.

(replicator principle)) and cascade (hierarchical) neural
network architecture.
Let consider a single linear neuron (see Fig. 1.a)

n) =wix=3""_ a0, ()

which would be able to extract the first principal com-
ponent with eigenvalue A = E[v}(t)]. The orthogonal
vector wy should be optimally determined in such a
way that the reconstruction vector X = wyv; will re-
produce (reconstruct) the input vector x(¢) as well as
possible, according to a suitable optimization criterion.

In general, the loss (cost) function can be expressed

D) =" der) = len), (4)

j=1



with ei(t) = x(t) — x(t) = x(t) — wini(t) =
[e11,€19,...,€1,]7, where (ey;) is typically a convex
loss function, e.g., l1(e) = le|,l2(e) = %ez, or l3(e) =
Blncosh(e/3) [8].

The minimization of the cost function according to
the standard gradient descent approach leads, after

some simplifications, to the following learning rule:

Wi (t+1) = wi(t)+7 (v (1) ® [x(t) =01 (1)W1 (t)] (5)

where ¥(e) = 6g§), e.g., ¥(e) = tanh(e/B) for l(e) =

Blncosh(e/3).

In the special case for l(e) = %e
rule (see also [1,15]):

2 we obtain Oja’s

wi(t+1) = wi(t) + (t)vi(t)er(?). (6)

The above learning rule could be easily extended
for the higher PC’s using the same principle and de-
flation procedure. In other words, the learning rule
for the extraction of the second PC wva(t) correspond-
ing to the second largest eigenvalue Ay = E[v3(t)] is
performed in the same way as for the first PC. How-
ever, we carry out the extraction process not directly
from the input vector x(¢) but from the error e;(t) =
x(t) — X(t) = x(t) — wivi(t) and va(t) = wley(?)
(not vo(t) = wix(t) as usually assumed in the GHA
Sanger’s algorithm [16]).

It can be shown that the learning algorithm for the
k-th PC can be written in the general form as follows

where
e =ep_1 — WiUg, Up =Wiep_1, and eo(t) = x(¥).

The optimal choice of the nonlinear activation function
U(ep) depends on the distribution of additive noises.
For Gaussian noise, the optimal one is the linear func-
tion ¥(ey) = ep, k.

In order to accelerate the convergence speed, we can
apply RLS (recursive least squares) approach to derive
an adaptive learning rule

We could easily normalize the output decorrelated
signals v(¢) to unit variance by scaling

xi(t) = diag AT 2 057 AT v, (9)

n

where v(t) = [v1(?),v2(2),...
(vg)-

;o (O]F, and Ay =

Extraction process of PC’s is continued till A, 4 is
below a specified threshold. Using the above algorithm
we could not only remove redundancy and perform
whitening of sensor signals but also reduce consider-
ably additive noise in some cases. In fact PCA divides
sensor signal subspace into two subspaces: signals sub-
space and noise subspace. The subspace spanned by
the n first PCA eigenvectors {wy} is an approxima-
tion to the noiseless signal subspace.

3. Cascade Neural Network for Blind Ex-
traction

In this section, we discuss the second type of cascade
neural networks (see Fig. 1.b) which performs extrac-
tion of source signals one-by-one in decreasing order
of absolute values of normalized kurtosis. The input
signals to this network are the normalized prewhitened
signals derived by the prewhitening network discussed
in Section 2. Here we propose two associated algo-
rithms: an extraction algorithm which extracts the des-
ignated source signals and a deflation algorithm which
generates new input mixed signals containing only a
mixture of signals not yet extracted.

3.1. Extraction Algorithm

To represent the stochastic properties of the source
signals, we use the normalized kurtosis R4(y1) =
ka(y)/mé = E[yt]/E?[y?] — 3, rather than the stan-
dard kurtosis x4(y1). Based on the findings in [17],
it can be readily shown that minimization of the loss
function:

Fi(w) = = glma(on)] (10)

under the condition that mixing sig-
nals are prewhitened, i.e., decorrelated with covariance
R:,z, = L.: leads to a solution corresponding to one
of the sources. Applying the standard gradient descent

approach, we obtain a new learning rule
wi(t+1) = wi(t)+n(t)sgn(Fa(t)f [y ()] %0 (), (11)

where the nonlinear function f[y1 (t)] is derived by

Fln(] = S0 = ) - 2],

(12)
and the following on-line estimations (low-pass filter-
ing) are performed (p = 2, 4)

mp(t 4+ 1) = (1 = n(@))my(t) + n(t)yi (t),and  (13)



m%( +1)

The activation function f[y1 (t)] (in general, f[yk(t)])
is not fixed but changed during the learning process
depending on the value of estimated moments m4()
and ma(t).
ing this adaptive nonlinear function, we could recover

Ra(t+1) = -3 (14)

We confirmed experimentally that us-

original source signals with significantly less distor-
tion (crosstalking) than using fixed nonlinear functions,
such as that of the form +(y® — ay) or (y & tanh(ay))
[10,11,13], where « is a specified constant. These re-
sults were often obtained especially for source signals
with positive kurtosis. We are currently conducting a
study to explain this effect theoretically.

Furthermore, we add auxiliary noise to the nonlin-
ear function, i.e., f(#1(t)) = f[yl(t) + I/l(t)], where
v1(t) is a Gaussian noise gradually decreasing to zero.
This 1s done in order to avoid local minima, i.e., to en-
sure extraction of a source signal with the maximum
absolute value of normalized kurtosis. Gaussian noises
are used because they do not effect the loss function in
(11); the normalized kurtosis of Gaussian noises is zero.
Although we have at this moment no theoretical proof
that this approach of adding noises guarantees extrac-
tion of signals in the desired order, we have found by
computer experiments that the algorithm works prop-
erly. An experimental study on the effect of adding
Gaussian noises or using other techniques to ensure
extraction of the most interesting signal is elaborated
in [18].

Finally, extraction of y, ...,y can be performed in
the same way as for y;, using the generalized forms of
the above learning rules. The corresponding input sig-
nals, however, are not the prewhitened input signals x;
but the deflated input signals which do not include the
previously extracted signals. The algorithm for deriv-
ing those deflated signals is described in the following
section.

3.2. Deflation Algorithm

Suppose that & source signals have been successfully
extracted. Let y; denote the last extracted signal. We
now generate the new input vector x;41 which will not

include the already extracted signals (y1, ..., yx) by the
linear transformation (see Fig. 1.b)
def ~
X1 (t) = xi(t) — wi(t)yr(t). (15)

Note that the input vector xj(¢) was previously de-
rived such that it does not include (y1,...,yx—1). The
goal of the above transformation is to minimize the loss

function (generalized energy)

Te (1) = p(Xp41) Z p(Tkt1,5) (16)

T T

where y, = Wi Xk, Xp = [rk,1,$k,z,~~~,l‘k,n] )
p(xz) is a loss function, e.g., p(xz) = %kaHz, with

Wi (t+ 1) = wi (1) + i (t)sgn(Ra(t) F [5: ()] %2 (1).
Applying the standard gradient descent approach,
we then derive the following rule

Mg(xr1(1), (A7)

[g($k+1,1), PN

Wi (t 4 1) = Wi (t) 4+ 7 (t)yr

T
where g¢(xpy1) = ,9(2kp10)] and

def  9p(Xnt1) _

9(@h415) = Ty 8 9(@t1y) = gy for
_ 1,2

P(Try1j) = FLE+1,5-

From the loss function in use, it can be readily shown
that if all source signals have been extracted, every el-
ement in the new deflated input vector will converge
to zero. Hence, we can terminate adding of a new
processing unit for extraction of the next signal yz4,
if the amplitude of each element in the new deflated
input vector xj4+1 1s less than a given threshold, i.e.,

|l’z’,k+1| <o Vi
4. Computer simulations

We confirmed the validity and performance of our
approach using extensive computer simulations for a
variety of problems. We initialized all the weights such
that they had random values in the range -0.1 and 0.1.
We set the initial learning rates in the extraction net-
work for extraction g (¢) and deflation 7 (¢) to 0.05. To
these learning rates, we applied the learning of learn-
ing rate scheme as discussed in [4,5]. For extraction, we
added the following noise v4(t) to the nonlinear func-
tion f(yr(t)): wr(t) = np(t) fort < 500; 0 other-
wise, where nj(?) is a Gaussian noise with mean 0.0
and variance 1.0. In both cascade networks, execution
of a next cascade is delayed for 5000 thousand time
steps after initiating execution of the previous cascade.
Below, due to limit of space, we only present an illus-
trative example of typical results.

Fig. 2 shows the results of extraction of three un-
known signals (Fig. 2.a) from a mixture of them re-
ceived at four sensors (Fig. 2.b), where R4(s1) =
—1.2, Ra(s2) = —1.5, and R4(sz) = 0.49. The
prewhitened signals, obtained by the prewhitening net-
work, are shown in Fig. 2.c. Here, we used the first
three signals (principal components) because the vari-
ance of the fourth principal component was extremely
low in comparison to those of the previous principal
components (A = 042, = 0.24,A3 = 0.04, and



Ay = 4 x 10_8). The extracted source signals, ob-
tained by the extraction network, are shown in Fig.
2.d, where y; stands for the k-th extracted signal. By
visual comparison of Fig. 2.a and 2.d, the source sig-
nals were successfully extracted, and, in addition, in
decreasing order of absolute values of normalized kur-
tosis. Finally, the deflated signals are shown in Fig.
2.e. Having the amplitude of every element of x4 rela-
tively very small confirmed that the number of active
sources 1n the mixed signals, which was not known to
the system, was three.

5. Conclusions

We have presented a dual cascade neural-network
approach for blind signal extraction. The first cascade
neural network, which performs robust prewhitening
of mixed signals in a sequential fashion based on the
concept of self-supervising, allows us to cope with prac-
tical cases where the mixed signals are ill-conditioned
and/or noisy or where the number of mixed signals is
equal to or larger than the number of sources. The sec-
ond cascade neural network performs sequential extrac-
tion of source signals from a mixture of them in decreas-
ing order of the degrees of being interesting. Namely,
the most interesting (most deviated from Gaussian sig-
nals) signal is extracted first, then the second interest-
ing signal is extracted next, and so on. The developed
learning algorithms are purely local and are biologically
plausible; they could be considered as a generalization
or extension of Hebbian/anti-Hebbian rules. The pro-
posed methodology can be extended to complex-valued
signals and mixtures as well as multi-channel blind sig-
nal deconvolution.
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(e) deflated signals after the 1-th, and 3-rd processing unit, respectively
Figure 2. A typical result of extraction of three sources received at four sensors

(with 10 KHz sampling rate).
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