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Abstract— Fast tracking of evoked potential variations

is of great importance in clinical operation. The paper
describes a method whereby ensemble averaged signal
is used as the prototype of the scale function and
designs a correlated scale function based on multi-
resolution analysis. Hence, an effective low pass
digital filter having powerful tracking capability is
obtained. Results show that the filter designed
filters out the noise more effectively than that of
using general wavelet filtering, and the tracking of
the peak of evoked potential is easily obtained.

Index Terms—Multiresolution, evoked potential,
scale function, two scale relation.

I. Introduction

Evoked Potentials(EPs), which are brain electrical activities
resulting from sensory stimulation play an important role in
the diagnosis of the abnormalities of human brain. However
the amplitude of the EP is a few tenths of a micro-volt, much
smaller than that of the spontaneous EEG activity, and
extensive averaging is required to obtain a reliable estimate
of the response. Many techniques have been developed for
extracting information from event-related potential.
Ensemble averaging (EA) is the most widely used method for
obtaining the EPs. However, this method ignores the fact that
the EPs are also time-varying signals and the results of EA
may introduce significant distortion and loss of information
about the response variability from trial to trial. Adaptive
filter shows promising in get almost real time response, but
the response gotten by the adaptive filter is not the true
response, for it obtains the “true” response by minimizing the
difference between the real response and the reference input.
However the reference input is usually set according to the
past knowledge and is not the actual reflection of the
changing EPs. Some researcher used wavelet transform to get
rid of the noise by eliminating the unrelated detailed
signals{6]. However, due to the low SNR of the signal, the
results were not so satisfactory. Actually, many methods of
bandpass filtering have been used to eliminate as much
spontaneous EEG activity as possible without affecting the
EP itself. But the filter design is complicated. In this paper,
we use the EA signal of the evoked potentials as the
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prototype of the scale function(father wavelet), ensuring a
high correlation between the scale function and the EP signal.
By means of multiresolution analysis, the corresponding
digital filter is easily obtained and fast tracking of the evoked
potentials using the designed filter is accomplished.

II. Methods

Wavelet transform (WT) is widely used in the field of signal
processing recently[3]. It has many advantages when
compared with the traditional Short Time Fourier Transform
(STFT). The window of STFT is fixed and loses some
information when the signal to be analyzed changes very fast,
while WT can adapt to the signal and can zoom into details of
the signals. It also has simple algorithm and can process
almost in real time the time-varying characteristic of signals.
Besides, if the signal to be processed is real , then the
decomposition and the reconstruction can be done in real
function. WT divides every signal into two parts, with one in
low frequency band and the other part in higher frequency
one. From a view of filtering , one part is low-pass filtering
and the other part is the band-pass filtering. In this paper, the
wavelet representation proposed by Daubechies [5] is used
here. Letg(x)be a scale function and w(x) be the
corresponding wavelet. Defining the coefficients of filters H
and G as follows,

h(n) =277 [dxg (4 x)g(x — n)

g(m) =27 [axy (G )y (x - n)
Suppose the data of the i-th trial of evoked potential is
{x;(0),x,(})---x,(N—-1)}, and for clarity, let it be
{ed,c? - ,c%_1}, so we have the decomposition formula:

cl = hn-2k)c)"

)

. 3 @
df = gn-2k)c;
n
where j indicates the scale, {c,{ }is the coarse signal, and

{d,{ }is detailed signal. The corresponding reconstruction
formula is:

i = Zh(n—2k)c;{ +Zg(n—2k)d,{ 3)
X k
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Like Fourier decomposition, Wavelet decomposition views
signal in different scales. In frequency domain, different
scales consist of different frequencies although there is not a
direct expression as that in the Fourier transform. Different
scales account for different center frequency filters. If the
wavelet transform is orthogonal (e.g. Daubechies wavelet),
the filter is a quadrature filter. In many area of signal
processing, this orthogonal decomposition will help to
rearrange the signal such that processing of wanted
information may be achieved. But the orthogonal wavelet
transform is sensitive to the data acquired and in some
applications, some redundancy is needed if the SNR of the
sampled data is low. We can see that wavelet transform is to
build a filter bank. Different basis function means different
filter bank. In most of the application of signal processing,
the main idea or the main work is to design a good filter so
that the noise can be filtered out and leave only the desired
information. In the field of weak signal extraction, it
translates into SNR enhancement. In this paper, a correlated
scale function is designed by means of multiresolution
analysis, and is used as multiresolution variation tracking.
Orthogonality is not crucial here in tracking.

Two scale relation[7] plays
multiresolution analysis

b =Y d2x-n @

where ¢,(n =0,1,---,m) are coefficients.

We know that in the frequency domain, scale function is
mainly with low frequency. So, we can use the ensemble
averaging of the VEP signal as the prototype of scale
function. By the theory of the multiresolution, the signal
should satisfy the two scale relation. We use iteration
algorithm to optimize the EA signal as the scale function.

The details of calculating ¢, are as following:

an important part in

Let the EA signal (Fig. 1) be the scale #(x). Suppose we
use totally m+1 coefficients €p,€15Cy5:005Cpy » WE select the
value so that the following is minimum (least square error):
m
2
A=[9(x) =D c,4(2x~n)]
n=0

Since all the calculations are executed by a computer, we use
discrete expressions.

& ‘ X1k

é, 2%

Let ¢(x) = , P2x—k) = x

¢n x nk

where k=12,---,n.
Then we have

) X10 X1y Xim
&, x x x

20 21 2m
D=l | e, T
¢n an xnl xnm

To select the best ¢,,c,,...,¢,, we should minimize the

2Cmo
following A :
n m
2
ZEDHCEDNEN
izl k=0
a
F =0, t
rom % we ge

Zn:(¢r _ickxik)xil =0 [=0]l,-,m.
il pn

So

i(zn:xikxu)ck = i@xﬂ [=0,--m. (6
im1

k=1 =1
With (6) we could solve the ¢,,¢,,...,C,, .

m
We know that Z C, = 2, for multiresolution scale function
k=0

@(x) [7]. Because the raw EA signal ¢(x) is not a function
constructed by multiresolution, the sum of ¢,,¢,...,C,
may deviate from 2. We use iteration algorithm to achieve a
function with the sum of ¢,,¢,,...,¢,, approaching 2.

That is , after solving ¢,,c,,...,C,, , we use

X190 X1 Xim é

X2 Xn Xom ¢
Col . | *+Cf - [+FC,| - as a new

an xnl xnm ¢n

Redo the above (6), until we get ¢,,c;,...,C,,, with their
sum approximately equal to 2. In this paper, the criteria of

m
selecting Cy,Cy5...,Cp,, IS |ch -2|<107.
k=0

III. Implementation

We use the designed scale function to analyze the VEP
signal. We know that the most important thing in VEP signal
is its latency and the corresponding amplitude[1],[2]. In this
paper, the main thing is to track the peak, so the
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orthogonality of transform is not so important as in the data
compression. In clinical operation, the main task is to
monitor the latency shifting and its amplitude variation in
real time, real time analysis is desired. On account of the
need for fast tracking, we use 17 coefficients to construct a
scale function.

The EA VEP signal (Fig. 1) was used as the prototype of
scale function. Using the method mentioned above, we get

Cn=[ 0.0753 0.0324 0.0638 0.0430 0.2593 0.2120
03715 03048 0.1797 03531 0.0438 -0.1136
0.1149 -0.0882 -0.0044 -0.0396 0.1822]

where the sum of the coefficients is 1.99.

The construction of scale function is shown in Fig. 2. We
know that

m
#(x) =2 h,g(2x —n).
n=0
A digital filter H is obtained by setting

ho=c,/\2 (n=0L,-,m).
The frequency response of the filter H is

m
H(e'") = the_“’k .

k=0
|H(e’”)| is shown in Fig. 3. Compared with that of
Daubechies 20 coefficients filter( Fig. 4), the constructed
filter is more complicated, due to the requirement of high
correlation with the EA VEP signals. Nevertheless, the
construction of the digital filter is still simple.

The multiresolution analysis using the designed filter is
shown in Fig. 5. And Fig. 6 shows the corresponding results
using Daubechies wavelet with 24 coefficients. The tracking
method proposed by Liu [4] was used. It is obvious that the
multiresolution tracking in [4] is easily implemented by the
designed filter in this paper.

IV Conclusion

We can see that the designed scale function filters can track
the waveform of the evoked potential more effective than that
of Daubechies wavelets. This is because the designed scale
function has high correlation with the evoked potential. We
know that the designed scale function is derived from the EA
signal( prototype signal). So different patients require
different filters. Furthermore, we can construct different
filters during different periods of time for the same patient.
Due to its simple construction and effectiveness in extracting
the waveform of the evoked potential, the scale function is
specially useful for fast tracking in clinical operation, where a

prompt response should be made while there is any sign of
abnormality during the operation. The method mentioned
above is also suitable for SEP peak tracking.
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Fig. 1 The EA VEP signal for constructing the scale function.
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Fig. 2. The construction of correlated scale function.
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Fig 3. The frequency response | H (ej N )| of the designed filter.
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Fig 4. The frequency response IH(ejw )| of Daubechies’ scale
function.
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Fig. 5. Multiresolution tracking using the designed scale function,
tracking from large scale (bottom). )
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Fig. 6. Multiresolution tracking using Daubechies’s 20 coefficients
wavelet, tracking from large scale (bottom).
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