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The authors present a novel, efficient, self-normalising,
unsupervised adaptive learning algorithm for the on-line (real-
time) separation of statistically independent unknown source
signals from a linear mixture of them. In contrast to the known
algorithms the new algorithm allows the separation (or extraction)
of extremely badly scaled signals (i.e. some or even all of the
source and/or sensor signals can be very weak). Moreover, the
mixing matrix can be very ill-conditioned.

Introduction: In a variety of engineering and scientific applications
observations are made of the outputs of an unknown multiple-
input multiple-output linear system from which it is of interest to
recover the input (source) signals. The above problem is desig-

nated as a blind separation of sources or as waveform-preserving

blind estimation of multiple independent sources because the
problem is to estimate the multiple source signals from an array of
sensors without knowledge of the transmission channels [1-10].
The first neural networks for on-line blind separation of a linear
superposition of sources has been developed by Herault and Jutten
[1, 2]. The basic problem of blind separation of sources can be for-
mulated as follows. For a given set of time variable sensor signals
X; () described by

x(t) = As(t) (1)
(where A = [a;] € R™ is an unknown nonsingular mixing matrix,
x(8) = [x)(8), XD, ..., x, ()] is a vector of measured (observed)

sensor signals and s(¢) = [5,(¢), s(2), ..., 5,(O]F is an unknown vec-
tor of mutually independent zero-mean signals (primary sources))
it is necessary to find or estimate a new output vector y(¢) = [,(¢),
¥:8), ..., y,(OIF which is proportional to the input vector s(#). Such
a problem has an inherited indeterminacy [4]. This indeterminacy
is characterised by the magnitude scaling and the order in which
the estimated signals y(f) are arranged with respect to the original
sources s(#). In many applications this indeterminacy is fully
acceptable, because the most relevant information of the source
signals is contained in the waveforms of the signals (e.g. speech,
music) rather than in their magnitudes and orders in which they
are arranged [9].
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Fig. 1 Functional block diagram illustrating the implementation of new
learning algorithm

New results: Self-normalising adaptive learning algorithm: In our
approach we have used a single layer, feedforward neural network
consisting of n neurons described by (Fig. 1)

y(t) = Wx(¢) (2)

where W = [w,] € R™ is the matrix of synaptic weights and y(z) =
@), y8), ..., ()" is the vector of output signals which after
the learning phase (i.e. after the synaptic weights w; achieve an
equilibrium point) must be mutually statistically independent
under the assumption that the input sources are also independent.
To separate the input sources s(f) the neural network must adapt
on-line and without a supervisor (teacher) which is a rather chal-
lenging and very difficult type of learning. Owing to space limita-
tion we omit here the detailed derivation of the new algorithm
which can be written in the compact matrix form

O < wy (A - Tl yOI W )

with any nonsingular W(0) # 0, where

W) = diag{p(?), p(®), ..., 1 (1)}, typically p() = (t) >0 V i
oiagonal

A = diag{A, A, ..., A}, A is the positive deﬁniteﬁma riX, typically

A=Tr=1,

and
fly®)] = (Al @], foly2(0), -, falyn(@®)]T
gTly(®)] = [m[y1 ()], ga2ly2(®)), - . gnlyn(2)]

are vectors of odd activation functions. The main justification for
using the nonlinear activation functions f(y) and g(y) is that they
introduce higher-order statistics into the computation, similarly to
the known Herault-Jutten algorithm [1, 2]. As can be experimen-
tally verified our algorithm is very robust and it can operate prop-
erly for a large class of nonlinear odd functions, e.g. for those
proposed by Herault and Jutten. In fact, the use of nonlinear odd
activation functions f(y)) and g{y) is not novel in our proposal.
However, our proposal differs from the known neural network
models and associated learning algorithms in several respects.
First of all, the proposed learning algorithm ensures a self-normal-
isation of the amplitude of the output signals. In other words, the
algorithm has an inherent self-adaptive gain control mechanism
which allows source signals with large amplitude ratios to be sepa-
rated. Secondly, the mixing matrix can be ill-conditioned (near
singular),

Such a neural network can be relatively easily realised in cur-
rently available VLSI technologies either as analogue or as digital
circuits. Of course, the proposed learning algorithm can be simu-
lated and realised on a standard digital computer if off-line solu-
tions are acceptable. In this case the continuous-time algorithm
(eqn. 3) can be converted to an iterative time-discrete process (sys-
tem of difference equations). Note that the neural network does
not require the computation of the inversion of matrices at every
iteration step.

Experimental results: Extensive simulations on a computer for a
large variety of difficult separation problems have been carried out
to check the validity and performance of the proposed neural net-
work and the associated adaptive learning algorithm. Very good
results have been obtained.

Example: Relatively large uniformly distributed noise source s4(z)
with amplitude 1 V is additively mixed with the following weak
and badly scaled signals:

s1(t) = 10~ %sgn[cos(155t))

82(t) = 10™*[sin(350¢)][sin(60t)]
s3(t) = 1073 sin[(300¢) + 6 cos(571)]
34(t) = 1072 5in(90¢)

The mixing matrix A € R> was chosen as the Hilbert matrix with
condition number 4.7 x 105 It was assumed that only the meas-
ured sensor signals were available. The learning rate p(¢) was cho-
sen to be p(f) = 200 = const. for 0 < t < ¢, = 0.25s (the so called
‘search’ phase of learning) which then exponentially decreases to
zero according to the relation (f) = 200exp[-6(r—t,)] for t > ¢, =
0.25s (the ‘converge’ phase of the learning). The scaling parame-
ters in the algorithm (eqn. 3) were chosen to be ' = A = I and the
activation functions f(y) = y? sgn(y), g{y) = 3 tanh(10y), V i.
Such a neural network is able to extract (separate) the source sig-
nals in a few hundred milliseconds, as illustrated in Fig. 2. Note
that the output signals y(r) (i = 1, 2, ..., 5) are automatically nor-
malised to approximately the same amplitude, equal to 1 V. The
other known on-line algorithms [1-3, 8-10] have failed to separate
such weak and badly scaled source signals mixed by using the ill-
conditioned matrix.

Conclusions: A mnovel, efficient and robust adaptive unsupervised
learning algorithm has been developed for the blind separation of
independent unknown source signals. The algorithm is especially
suitable for the blind separation of badly scaled source or sensor
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signals and/or ill-conditioned mixing matrices. Moreover, it has
relatively good convergence properties. Extensive computer simu-
lation experiments have fully confirmed the validity and high per-
formance of the proposed learning algorithm.
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Fig. 2 Computer simulation results for the example
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