1

.9.1 .01
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Abstract
Wavelets analysis rnethods have been widely
used in the signal processing of biornedical signals. These methods represent the temporal
characteristics of a signal by its spectral components in the frequency domain. In this way, important features of the signal can be extracted
in order to understand or model the physiological system. This paper reviews the widely
used orthogonal wavelet transform method in
the biomedical applications.

1. Introduction
Although Fourier Methods have been widely
used in many applications (1-7)' they suffer
from several limitations. In these methods
a signal in the tirne domai. is written as an
infinite summation of weighted sine and cosine waves of different frequencies. This corresponds to a rnapping into the frequency domain
via the Fourier Transform. The underlying assumption in these methods is that the original signal is stationary. flowever, the Fourier
Tbansform has been largely used in the analysis of biomedical signals, which often are nonstationary. In order to satisfy the stationarity
condition it is common to divide long term signals into blocks of short duration.
Other time-frequency methods were also
proposed to analyze non-stationary signals.
Amongst them, the more widely used are
the Gabor Representation (GR), Wigner-Ville
Distribution (.WVD) and Binomial Tbansform
(BT). flowever, due to inherent characteristics,
none of these methods presented a deftnitive
solution to the problem. RecentlS time-scale
methods (Wavelet Tbansform) were proposed
in an effort to overcome the lirnitations of the
traditional time-frequency methods. The tirne
scale rnethods act as a 66mathematical microscopett in which one can observe different parts

of the signal by just adusting the focus. This
allows the detection of short-lived tirne components of signals(1-7).

2. 'Wavelet Tlansforrn
The Wavelet Tlansform is a signal decomposition onto a set of basis functions. These basis functions are obtained by dilationsr contractions and shifts of a unique function called the
66wavelet prototypett. According to the characteristics of this basis, the wavelets are classffied
as orthogonal, biorthogonal or non-orthogonal.
Given the input signal x(t)' the CWT can be
defined as

Xcwr(o,b)- [r@V},u(t)dt
J

(1)

where * denotes complex coqjugation,
o represents the scaling factor,
å represents the time

i[o,o(t) is obtained by scaling the prototype
wavelet V(l) at time b and scale a.
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3. Wavelet Analysis of Bibmedical Signals
For comparison purposes, a five trial ensemble average of related evoked responses from
a normal subject was analyzed using STFTT
GR, W'VD and W'T. The original signal is
shown in Figure 1a. Notice that the signal has
some transient components between 100-150
ms. Figures 1b, l-c and 1d show the STFT, GR
and WVD power spectra, respectively. In the
STFT procedure the Power spectrum was com-

puted from nonoverlapping segments of windowed intervals. Up to 10 segments of 50ms
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duration each were used. The data in each segment were windowed using the H"t'ming window before the estimation of the power spectrum. Figure 1e also shows the original signal. To perform the wavelet analysis, a BattleLemarie orthonormal wavelet (49) was used,
and it was performed for five sets of pararneters. Figures 1f and t g show the approximate signal A2i and the detail signal D2i, where
-5 < j I -1, respectively. Different information is presented at each different resolution.
For instatlce, the detailed signals at fine scales
consist mostly of muscle activity; the detailed
and approximated signals at coarse scale represent the evoked response signal.
The results using STFT' GR a''d W'VD
showed sirrrilar low frequency power distributions. WVD revealed strong intermediate
frequency components around 250 H:z, which
could be due to interference terms. All three
methods failed to show the ch'nge in the frequency characteristics of the signal with re.WT
spect to tine. On the other hand,
was able
to localize the signiffcant chenges in the tenporal pattern of the signal including the transient
components.
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fn this paper, an introductory view of wavelet
theory was developed for the reader unfamil-

iarized with the field. The conditions for
defining a wavelet, the processes of synthesis
and analysis and the computational implementation of the widely used wavelet trnnsform
methods were discussed. Applications of the
wavelet transform methods to biomedical engineering were cited. In addition, some applications of the compactly supported orthogonal wavelet transform to some biological signals were briefly presented. Wavelet transform
methods methods can be easily and quickly
computable. Because of the basis functions are
finite, wavelets can provide accurate representation of fairly short signals, they are useful fior
characterizing nonstationary signals and quantifying the differences in the signal between different states.
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4. Conclusion
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Recording of a five triaf ensemble aver-

age of evoked responses from a normal subject; Time-

frequeucy representations of the signal in (a) using
STFT (b), Gabor Representation (c) and Wigner-Ville
Distribution (d). e. A typical evoked response signal
as shown in (a); f. Multiresolution wavelet approximation of the aignal ghown in (e), A2i, where
-b S
j < -t; g. Multiresolution wavelet decomposition
of
the signal shown in (e), Dzi, where

-b < j < -l;
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