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Abstract

We present a novel polynomia functional neural
networks using Distributed Approximating Functional
(DAF) wavelets (infinitely smooth filters in both time
and frequency regimes), for signal estimation and
surface fitting. The remarkable advantage of these
polynomia netsis that the functional space smoothness
is identical to the state space smoothness (consisting of
the weighting vectors). The constrained cost energy
function using optimal regularization programming
endows the networks with a natural time-varying
filtering feature. Theoretical analysis and an application
show that the approach is extremely stable and efficient
for signal processing and curve/surface fitting.

|. Introduction
For a robust estimation, the output not only approaches
the signal value, but also suppresses the noise distortion.
Simultaneously, the state space should be smooth to
ensure stability. Based on these facts, one finds that the
least mean square (LMS) error
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are the three dominant factors that must be accounted for
in designing arobust estimation system.

Distributed Approximating Functionals (DAFs), which
can be constructed as a window modulated interpolating
shell, were introduced as a powerful grid method for

numerically solving PDEs with extremely high accuracy
and computational efficiency [3,9,10]. DAF neural
networks (DAFNNS) are presented for biomedical signal
processing. DAFNNSs possess severa advantages: (1) the
DAF wavelet is infinitely smooth in both time and
frequency domains. (2) For essentially arbitrary order of
the Hermite polynomial, the DAFs possess an
approximately constant shape while other approximating
functions become more oscillatory as the regularization
order increases. (3) The trandation invariance of the DAF
approximation ensures feature preservation in state space.
(4) Complicated mathematical operations, such as
differentiation or integration, can be carried out
conveniently using the DAF approximation. (5) The
identical smoothness of the DAF signal space and state
space implies the inherent robustness of estimation.

II. DAF Wavelet Networks
Signal filtering can be regarded as a kind of
approximation with noise suppression. According to DAF
theory, a signal approximation in DAF space is expressed
as

G0 =3 904 )Mo (X~ %) (4)

where the dpar(X) is a generalized symmetric Delta
functional. We choose it as a Gauss modulated
interpolating shell, or the so-cal distributed
approximating functional (DAF) wavelet. The Hermite-
type DAF wavelet is given by [10].
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The function Hy, is the Hermite polynomia of even order
2n. The Hermite polynomial H is generated by the usual
recursion
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The predominant advantage of the Hermite polynomial
approximation is high-order derivative preservation. The
gualitative behavior of one Hermite DAF is shown in
Fig.1.

The DAF wavelet neural nets possess the aternative
feature of the commonly used DAF approximation as

609 =8 Wi)doe (x- X) 0

The weights w(i) of the nets determine the superposition
d(x) to the origina signal g(x)1 LA(R). It is easy to show
that the weights are closely related to the DAF sampling
g(x). The irregular finite discrete time samplers of the
original signal are selected for network learning. If the
observed signal is limited to an interval | containing a
total of N discrete samples, I={0, 1, ..., N-1}, the square
error of the signal isdigitized as

No—l . P
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This cost function is commonly used for training and is
referred to as the minimum mean square error (MMSE)
rule.

However, if the observed signal is noise corrupted, the
network under MMSE training causes unstable
reconstruction because the MMSE recovers the noise as
well asthe signal. The signal-noise-ratio (SNR) cannot be
improved much. Even for a noise-free signal, MM SE may
lead to Gibbs-like undulations in the signal, which is
harmful for calculating accurate derivatives. Therefore the
network structure should be modified to deal with the
particular Situation. In this paper, we present a
regularization design of the cost function for network
training. It generates edge-preserved filters and reduces
distortion. An additional smooth derivative term, E,, is
introduced to modify the original cost function as

E=Ep+lE
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The Lagrange factor | introduces a compromise between
the orders of approximation and smoothness. Generally,
the derivative order r32 is used to evauate the
smoothness of the signals. Using the properties of the
Hermite DAFs, we find that the derivative term of the
regularized cost function E;, can be expressed in a
comparatively simple convolution form,

iy
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where d{V(x- x |s) istermed a“differentiating DAF” and
isgiven by
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It is the rth derivative of d, (x- x |s). Because the DAF

is smooth, any order derivative can be obtained. Another
congtraint in state space is taken to increase the stability
of system as
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Thus the complete cost function utilized for DAF wavelet
net training is given by

E= EA + Er +hEW
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The combmed constraints  above enable the DAF
networks a natura time-varying and nonlinear process,
that the DAF wavelet nets are adaptive to the local
behaviors of the signal, which are characterized by its
smoothness and stability.

I1l. Simulations

Automatic diagnosis of electrocardiogram (ECG or
EKG) signals is based on the detection of abnormalities.
ECG signal processing is a crucial step for obtaining a
noise-free signal and for improving diagnostic accuracy.
A typical raw ECG signa isgivenin Fig. 2. The letters P,
Q' R, S T and U label the medically interesting features.
For example, normal P waves rate 60-100 bpm with
<10% variations. Their heights are <2.5mm and widths
<0.11sinlead II. A norma PR interval ranges from 0.12
to 0.20s (3-5 small squares). A normal QRS complex has
duration of <0.12s (3 small squares) [12].

An important task of ECG signa filtering isto preserve
the true magnitudes of the waves, protect the true
intervals (starting and ending points) and segments, and
suppress distortions induced by noise. The most common
noise in an ECG signal is AC interference (about 50Hz-
60Hz in the frequency regime). Traditiona filtering
methods (low-pass, and band-elimination filters, etc.)
encounter difficulties in dealing with the AC noise
because the signal and the noise overlap the same band.
As a consequence, experienced doctors are required to
carry out time-consuming manual diagnoses.

Another application is for eectromyography (EMG)
filtering. Surface EMG has been used to evaluate muscle
activation patterns in-patients with gait disorders since the
mid 1900s. In experimental as well as routine recording of
muscle action potentials, signa cross-talk from various
sources cannot always be avoided [2]. In particular EMG-
investigations within the areas of physical science,



orthopedics or ergonomics, where the collection of data
has to be carried out under field conditions, the measured
signals are often incorrect due to movement of the
subject. In particular DC off-set-voltages, movement of
electrodes and cables, 50 Hz interference and electrostatic
interference should all be considered. But even with the
utmost case, movement artifacts, particularly in studies of
movement, cannot be completely avoided. Thus for a
number of quantitative signal processing procedures, an
elimination of interference has to be carried out.

Experimental electrocardiogram (ECG) and
electromyography (EMG) signals are employed for
testing the new technique. Signal processing is crucial for
obtaining a noise-free signal and for improving diagnostic
accuracy. The raw ECG is given in Fig. 3(a). Note that it
has typical thorn-like electromagnetic interference. The
origina measured EMG has similar features (Fig.4 (d)).
Fig. 3(b) and Fig. 4(b) are the results of low-pass filter
smoothing of the two signals. The magnitudes of the
waves are significantly reduced and the small waves
almost disappear completely. Such a low-pass filtering
result can cause significant diagnostic errors. Fig. 3(c) and
Fig4 (c) show the results obtained using our DAF
wavelet neural nets. Obvioudy, our method provides
better feature-preserving filtering.

I1. Conclusion

Regularized DAF wavelet neura networks are
proposed for non-stationary biomedical signal processing.
The DAF approximation shells possess infinite
smoothness in both physical and frequency domains,
which enable the high-resolution time-varying analysis of
the signal. The optima signal filtering solution is
obtained using a combination of several different
contributions to a “cost function”. Measured ECG and
EMG signals are employed for testing the new technique.
The simulations show that our method is both efficient
and robust for time-varying filtering
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Fig.1. Hermite DAF (M=8, s=1). Fig.2 ECG Criterion Characteristics for Diagnosis
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Fig.3 ECG filtering (a) Original ECG (b) Low passfiltering (c) DAF wavelet net filtering
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Fig.4 EMG filtering (a) Origina EMG (b) Low passfiltering (c) DAF wavelet net filtering



