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Abstract - This paper is to present the use of transform
domain adaptive filter (TDADF) to process evoked potential
(EP). The use of adaptive filter (ADF) in pi'ocessing EP is
effective than traditional averaging method. However to
design an ADF with normalized LMS with good convergence
performance is not an easy task. Thus, we proposed the
TDADF method to improve the convergence performance of
precessing EP, Simulations were conducted to ebtain the SNR
of visual evoked potential. Moreover, collected data from
somatosensory evoked potential was used in the testing. We
observed that TDADF method has better performance than
ADF with normalized LMS algorithm.
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L. INTRODUCTION

Evoked potential is an important parameter in brain
neural domain. However EP is a week signal and is always
embedded in electroencephalogram (EEG). Thus, the
common traditional practise of obtaining EP is by ensemble
averaging method. Since the advance of digital signal
processing, many new methods are used to repiace the
traditional method. Of these, the ADF method is a
significant better method.

We have used adaptive signal enhancement filter 'with
normalized LMS (NLMS) to process EP [1]. For only 50 EP
data collected, we were able to obtain a satisfactory result
for SNR of -30 db. In NLMS adaptive filter, to get better
performance, a smaller adaptive step size and multiple filter
taps are favorable. However, this approach may lead to
longer convergence time. Thus, in order to obtain a fast and
good convergence effect, TDADF structure with NLMS to

process EP is a better solution.
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H. METHODOLOGY

The average of
20 EP signals
x{n}

N-LMS
ptive Algorithm

—(n

e(n)

Ada

L

M-point

—« Transform [

g

: T Processed EP
y(n)
FH e
The average of
10 EP signals
din)

Fig.1. The structure of transform domain adaptive filter for EP

As shown in Fig.l. The structure of transform domain
adaptive filter is a sub-band filter [2]. Before the input
signal x(n), the average of 20 prerecorded EP signals, is
input to the adaptive filter for processing, this signal is
transform to another transform domain. The convergence of
ADF with gradient type algorithm is correlated with the
Auto- correlation matrix of input signal. When the spread
space of these autribute values is small, the input signal is
closer to white noise, the algorithm exhibits fasier

convergence speed. Thus it is possible to minimize the

. eigen value spread by T matrix transformation of the input
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autocorrelation matrix. In this paper, Walsh-Hadarpard
transform (WHT) [3] is used. After transformation the eigen
values are group into M-point outpuis. These outputs are
adaptively processed by M stages of sub-band adaptive
filters. NLMS algorithm is used in these adaptive stages.

II1. RESULTS
Data collected from somatosensory evoked potential

{SEP) is used in this simulation. First, a set of 4000 data of

SEP was processed using averaging method and was



designed as the standard pattern. Then, this set was mixed
with EEG signal to obtain a -30db EP composite signal.

Using this EP composite signal as input, the results after
obtained processing through the structure were checked
with standard pattern. Table I tabulated the results of ADF
and TDADF in different combination of adaptive filter taps
N and adaptive step size . In table I, as the adaptive filter
taps increases, there is significant decrease in mean square
error (MSE) for TDADF with NLMS, but these is
practically no change in MSE for ADF with NLMS. The
reason is that the attribute values spread of TDADF is
preprocess prior to changes in adaptive filter taps, Thus, the
TDADF has better convergence result that ADF,

Following, the SNR response for both structures were
investigated using SNRy and SNR; [4}[5]. In Table II,
when the filter taps is increased and the adaptive step size is
decreased, the SNR value of TDADF showed good result.
This implied that changes in filter taps and step sizes will
effect the SNR of TDADF. However, this outcome is not

0.5 4.4347 1.6632 4.4798 1.6928
16 0.05 4.0579 4.1394 4.0788 4.1836
0.1 5.5410 3.6002 5.5905 3.6949
0.3 3.5667 1.1186 3.6206 11653
32 0.05 46119 5.9534 46418 6.1224
0.1 47463 4.3665 4.7960 4.5913
0.5 23603 0.9400 24122 1.1093

significant in ADF.,
TABLE1 Mean Square Error of EP processing with ADF and TDADF
Filter Taps Step Size Mean Square Error
ADF TDADF
N= p=0.05 0.0829 0.0797
p=0.1 0.0805 0.0792
p=0.5 0.0787 0.0870
N=16 u=0.05 0.0790 0.0691
p=0.1 0.0776 0.0720
p=0.5 0.0787 0.1026
N=32 p=0.05 0.0751 0.0669
p=0.1 0.0746 0.0760
p=0.5 0.0778 0.116%
TABLEII Signal Noise Ratio of EP processing with ADF and TDADF
Filter Step SNRy SNR,
Taps Size ADF TDADF ADF TDADF
8 0.05 2.4056 4.0638 2.4093 4.0893
0.1 4.0256 4.0113 4.0419 4.0358
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IV. CONCLUSION

The result clearly showed that the TDADF structure with
greater filter taps and smaller step size is a good choice. The
use of WHT in processing atiribute of autocorrelation
matrix will increase convergence speed. It setback is that its
convergence effect is more sensitive to step size. In spite of

this, TDADF is a considerable good tool in EP approach.
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