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Abstract

In this paper we present conventional and translation-invariant (TI) wavelet-based approaches for single-trial evoked potential estimation
based on intracortical recordings. We demonstrate that the wavelet-based approaches outperform several existing methods including the Wiener
filter, least mean square (LMS), and recursive least squares (RLS), and that the TI wavelet-based estimates have higher SNR and lower RMSE
than the conventional wavelet-based estimates. We also show that multichannel averaging significantly improves the evoked potential estimation,
especially for the wavelet-based approaches. The excellent performances of the wavelet-based approaches for extracting evoked potentials are
demonstrated via examples using simulated and experimental data.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

With less signal attenuation and reduced interferences and
noise, intracortical recordings generally offer higher signal-to-
noise ratios (SNR) than scalp recordings such as the electroen-
cephalogram (EEG). Two types of signals, spikes and local field
potential (LFP), can be derived from intracortical extracellu-
lar microelectrode recordings. Spiking activity has been exten-
sively studied in brain research. However, spikes only provide
information about the outputs of a small number of neurons in
a brain area. LFP, on the other hand, arises largely from den-
dritic activity of populations of neurons and thereby is domi-
nated by the excitatory synaptic inputs to a larger cortical area
as well as intra-areal local processing. One major component
of LFP is the evoked potential, which reflects coordinated neu-
ral ensemble activity associated with an external event. Evoked
potentials offer an important source of information to study the
neural basis of perception and behavioral choice. However, in
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addition to the evoked potential, LFP also contains potentials
caused by background activity, which are unrelated to any spe-
cific event. Extracting evoked potentials from LFP is an essen-
tial task in both cognitive research and clinical applications.

Perhaps the most widely used approach to remove the back-
ground activity is ensemble averaging, which averages across
trials the potentials measured over repeated presentations of a
stimulus. To achieve this goal, a large number of trials is gener-
ally required. However, methods requiring fewer trials are de-
sirable to save acquisition time and avoid nuisance for the sub-
jects. In addition, averaging also assumes that there are no vari-
ations at all in amplitude, latency or waveform of the evoked
potential across many trials. This strong assumption may not
be valid in practice [1]. Whenever this assumption is violated,
important information regarding the dynamics of the cognitive
process is lost.

In [2], an optimal time-varying Wiener filter was proposed to
obtain an estimate of the evoked potential for each trial. Here a
very large filtering matrix with the same dimension as the num-
ber of the data samples in each trial was devised to minimize
the mean squared error of the evoked potential estimate. If the
evoked potential varies randomly from trial to trial, the Wiener
filter becomes a minimum variance estimator and its evoked
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potential estimate approximates the expected evoked potential
[3]. However, such an implementation of the Wiener filter re-
quires that the number of trials be much bigger than the number
of data samples in each trial to avoid illconditioning of the au-
tocorrelation matrix. Generally speaking, this necessitates even
more trials than those required by ensemble averaging due to
the great amount of data samples. In [3], the authors considered
time-varying adaptive filters such as least mean square (LMS)
and recursive least squares (RLS), which overcomes the diffi-
culty of the Wiener filter in [2] by choosing a filter order smaller
than the number of data samples in each trial. In fact, we can
also implement the Wiener filter on each trial in a similar way
as that of LMS and RLS [4]. LMS, RLS and the Wiener filter
all require a reference signal for each trial, which is generally
calculated as the ensemble average of all trials except the trial
being considered. Therefore, they suffer from the trial-by-trial
variability effect since they rely on averaging multiple trials to
obtain a good reference signal for each single trial.

Fourier transform based spectral analysis of evoked potential
began more than three decades ago (see e.g., [5]). However, be-
cause the frequency components defined by the Fourier trans-
form have infinite time support, it cannot track well the tran-
sient variations of evoked potentials. Short-time Fourier trans-
form (STFT) provides a means of joint time–frequency anal-
ysis by applying moving windows to the signal and Fourier
transform the signal within each window [6]. The problem with
STFT, however, is that signals with different spectral compo-
nents are treated with the same frequency resolution since a
constant window length (hence a constant time resolution) is
chosen throughout the analysis. A suitable window length needs
to be chosen to balance the trade-off between the frequency
and time resolution, and at the same time, satisfy the underly-
ing assumption that the signal in each of the moving windows
is stationary. In comparison with Fourier transform-based tech-
niques, wavelet transform-based methods offer new capacity
and advantages. Having superior resolution in both time and
frequency domains, the wavelet transform is particularly useful
for the analysis of non-stationary signals. In fact, the wavelet
transform has become indispensable and widely used in many
applications including communications, speech and audio pro-
cessing, image processing, geophysics, finance, medicine, and
neuroscience. In particular, neurophysiological signals are gen-
erally non-stationary and therefore wavelet transform-based ap-
proaches are more suitable than the Fourier transform-based
methods in extracting information from neurophysiological sig-
nals. In the 1990s, wavelet transform was introduced for evoked
potential analysis of EEG [7–9]. Recently, the wavelet trans-
form was applied for EEG evoked potential extraction by choos-
ing a few wavelet coefficients [10]. One disadvantage of the
method is that it is implemented in a supervised manner requir-
ing a priori knowledge of the time and frequency ranges of the
evoked potential. Although such knowledge is well-known in
EEG, it is not available in intracortical recordings such as LFP.

Our goal is to extract evoked potentials from intracorti-
cal recordings. Since the SNR of intracortical recordings is
high, evoked potentials will be wavelet decomposed with large
wavelet coefficients, whereas the ongoing background activ-

ity will be decomposed with small coefficients. Therefore, the
evoked potential can be estimated by thresholding the wavelet
coefficients using the thresholds proposed by Donoho et al.
[11,12]. In addition to this conventional wavelet-based evoked
potential estimator, we also consider the translation-invariant
(TI) wavelet-based evoked potential estimator. The former may
suffer from pseudo-Gibbs phenomena near the discontinuities,
whereas the latter can overcome this problem [13]. In this pa-
per we present conventional and TI wavelet-based approaches
for single-trial evoked potential estimation. We demonstrate
that the wavelet-based approaches outperform several existing
methods including the Wiener filter, LMS, and RLS. We com-
pare the TI wavelet-based and conventional wavelet-based es-
timates and demonstrate that the former has higher SNR and
lower root mean square error (RMSE) than the latter. We also
show that multichannel averaging significantly improves the
evoked potential estimation, especially for the wavelet-based
approaches.

The rest of the paper is organized as follows. In Section 2, we
present the materials and wavelet-based approaches. Simulated
and experimental examples comparing the performances of the
Wiener filter, LMS, RLS, conventional and TI wavelet-based
approaches are given in Section 3. Finally, Section 4 contains
the conclusions.

2. Materials and methods

2.1. Subjects and neurophysiological recordings

Electrophysiological recordings were performed in a healthy
adult male rhesus monkey. After behavioral training was com-
plete, occipital recording chambers were implanted and a cran-
iotomy was made. Intracortical recordings were conducted with
a multielectrode array while the monkey was viewing structure-
from-motion (SFM) stimuli, which consisted of an orthographic
projection of a transparent sphere that was covered with ran-
domly distributed dots on its entire surface. Stimuli rotated for
the entire period of presentation, giving the appearance of three-
dimensional structure. The monkey was required to indicate the
choice of rotation direction (clockwise or counterclockwise)
by pushing one of two levers. Correct responses for disparity-
defined stimuli were acknowledged with application of a fluid
reward. In the case of fully ambiguous stimuli, where no correct
response can be externally defined, the monkey was rewarded
by chance. The recording site was the middle temporal (MT)
area of the monkey’s visual cortex, which is associated with
visual motion processing. LFP was obtained by filtering the
collected data between 1 and 500 Hz. Multiunit activity (MUA)
was obtained by filtering the data between 500 Hz and 1 kHz.
MUA was further rectified to compute power as a function of
time.

2.2. Wavelet transform

It is well known that the Fourier transform decomposes a
signal in bases of sines and cosines, which have infinite dura-
tions. The wavelet transform, on the other hand, decomposes a
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signal in bases of the scaled and shifted versions of a mother
wavelet, which is a special waveform with finite duration. At the
low scales the mother wavelet is contracted to match the high-
frequency components. At the high scales the mother wavelet
is stretched to match the low-frequency components. There-
fore, the wavelet transform can obtain simultaneous time and
frequency localizations and is a powerful complement to the
Fourier transform. While the wavelet transform is still limited
to the general time–frequency resolution trade-off inherent to
spectral analysis, it can offer higher temporal resolution at lower
frequencies and vice versa, which suits well the 1/f spectral
profile of evoked potentials.

The continuous wavelet transform (CWT) of a one-
dimensional signal x(t) with respect to a mother wavelet �(t)

is defined as [14]

Wx(a, b) = 1√|a|
∫ +∞

−∞
x(t)�

(
t − b

a

)
dt , (1)

where a, b (a, b ∈ R and a �= 0) are the scale and translation
parameters, respectively. As its name implies, CWT has contin-
uous scales and translations, which result in information redun-
dancy and high computational load. In practice, the scale and
translation parameters are discretized for fast implementation.
In fact, the scales on the powers of two {2l}l∈Z are sufficient
and this will yield the dyadic wavelet transform:

Wx(l, n) = 1√
2l

∫ +∞

−∞
x(t)�

(
t − n

2l

)
dt . (2)

For a wavelet centered at time zero and frequency f0, the
wavelet coefficients Wx(l, n) characterizes the signal x(t)

around the time n and frequency 2−lf0. Using dyadic wavelet
transform and multiresolution analysis, a signal can be de-
composed into a coarse approximation and several details at
different scales (levels).

2.3. Wavelet-based evoked potential estimation

Intracortical recordings such as LFP contain a mixture of
evoked potentials and ongoing background activity. The former
is the signal of interest to be estimated and the latter is the
“noise” to be suppressed. Our goal is to remove the noise and
recover the signal of interest. Since the SNR of the intracortical
recordings is high, evoked potential will be decomposed with
large wavelet coefficients, whereas the ongoing background
activity will be decomposed with small coefficients. Therefore,
evoked potential can be estimated by thresholding the wavelet
coefficients.

In addition to this conventional wavelet-based evoked poten-
tial estimator, we also consider the TI wavelet-based evoked
potential estimator. The former may suffer from pseudo-Gibbs
phenomena near the discontinuities, whereas the latter over-
comes this problem [13]. To obtain the TI wavelet-based evoked
potential estimate, we shift the data, threshold the shifted data,
unshift the thresholded data, and then average the results for
all shifting. The method can be efficiently implemented in
O(N log2(N)) floating point operations (flops) using a TI ta-
ble, which is similar in structure to a wavelet packet table [13].

Since the TI wavelet-based method is applied to each trial in-
dependently, it will not be affected by other trials and is useful
for single-trial evoked potential estimation. As shown in the
examples later on, the TI wavelet-based evoked potential esti-
mates have higher SNR and lower RMSE than the conventional
wavelet-based estimates.

Wavelet-based evoked potential estimation can be summa-
rized as a three-step procedure including wavelet decomposi-
tion, nonlinear thresholding, and inverse wavelet reconstruc-
tion. Thresholding is a critical step for separating the signal
from noise and it is dependent on the noise model. Most wavelet
thresholding methods in the literature were proposed for the
white Gaussian noise model. In [15], temporally correlated
noise was studied and level-dependent thresholding was pro-
posed. It was shown that there tends to be little or no corre-
lation between the wavelet coefficients at different levels and
the wavelet coefficients at each level are approximately white
noise. Hence level-dependent thresholding follows naturally.

For the TI wavelet-based evoked potential estimator, the
threshold at the jth level has the following form [15]:

�j = �j

√
2 loge(N log2(N)) (3)

with

�j = MADj /0.6745, (4)

where MADj is median absolute value estimated on the wavelet
coefficients at the jth level.

For the conventional wavelet-based evoked potential estima-
tor, the threshold at the jth level can be written as

�j = �j

√
2 loge(N). (5)

Two kinds of thresholding methods are popular: hard thresh-
olding and soft thresholding. Hard thresholding sets all the
wavelet coefficients with the magnitudes less than the thresh-
old to zero and maintains the other wavelet coefficients. Soft
thresholding also sets the wavelet coefficients with the magni-
tudes less than the threshold to zero. However, it reduces the
remaining coefficients in magnitude by the threshold. Since
the estimates by hard thresholding may contain noisy spikes,
we stick to soft thresholding in the paper. Let wj,k be the kth
wavelet coefficient at the jth level. Soft thresholding is defined
as

ŵj,k =
{0 |wj,k|��j ,

wj,k − �j wj,k > �j ,

wj,k + �j wj,k < − �j .

(6)

If multichannel measurements are available, spatial filtering
can be performed to further improve the evoked potential es-
timation. If the electrodes are close to each other, the evoked
potential of all channels will be well-aligned in time due to the
peculiar relationship between cortical architecture and mass ac-
tion signals such as LFP, i.e., the functional architecture of vi-
sual cortex that comprises local clustering of similar neuronal
responses taken together with the spatial summation of micro-
scopic currents changes to macroscopic voltage changes. This
is especially the case in many intracortical microelectrode ar-
ray recordings. Therefore, the multichannel single-trial evoked



466 Z. Wang et al. / Computers in Biology and Medicine 37 (2007) 463–473

potential estimate can be obtained by averaging the single-
channel single-trial evoked potential estimates. By doing this,
the contribution from the phase-locked single-trial evoked po-
tential is maintained, while incoherent noise contributions are
reduced. It is worthy to mention that multichannel averaging
differs from single-channel ensemble averaging in that trial-by-
trial variability will not affect the evoked potential estimate of
the former. As shown in the examples later on, multichannel
evoked potential estimates have higher SNR and lower RMSE
than the single-channel estimates.

3. Results

In this section, we provide simulated and experimental ex-
amples to compare the single-trial evoked potential estimation
performances of the Wiener filter, LMS, RLS, conventional and
TI wavelet-based approaches. For the wavelet-based methods,
if not explicitly specified, mother wavelets are chosen from
the Daubechies wavelet family due to its properties such as
compact support, high vanishing moments for a given sup-
port width, and minimum-phase scaling functions [16]. We use
level-dependent thresholding to deal with temporally correlated
noise. Soft thresholding is employed to yield smooth estimates.
The filter order for the Wiener filter, LMS and RLS is chosen to
be 30. Also a reference signal need to be chosen for the Wiener
filter, LMS and RLS. For the single-channel case, the reference
signal is calculated as the ensemble average of all trials except
the trial being considered. For the multichannel case, the refer-
ence signal is calculated as the average of all multichannel trials
except the trial from the channel being considered. Note that
the wavelet-based methods do not require a reference signal.

3.1. Simulation results

In the simulation, we use a specific waveform for the evoked
potential as shown in Fig. 1. The background neural activity
is simulated as a mixture of colored noise e1(n) and white
Gaussian noise e2(n), which change across trials. The following
autoregressive model is used for the colored noise e1(n) [3]:

e1(n) = 1.5080e1(n − 1) − 0.1587e1(n − 2)

− 0.3109e1(n − 3) − 0.0510e1(n − 4) + u(n), (7)

where u(n) is a zero-mean white Gaussian noise. The total
SNR is 6 dB. We generate 20 trials of simulated data. Each trial
contains 1500 data samples.

Several merit measures are employed to assess the perfor-
mances of different approaches. The first measure is the RMSE

Table 1
Comparison of the different approaches for a single channel in the absence of evoked potential variation

Approach LMS RLS Wiener filter Conventional wavelet TI wavelet

Mean of RMSEs 0.6072 0.4914 0.5084 0.4396 0.4100
SD of RMSEs 0.0475 0.0404 0.0427 0.0541 0.0475
Mean of SNRs (dB) 11.7242 13.5634 13.2719 14.6339 15.2254
SD of SNRs (dB) 3.7832 5.4005 5.2287 8.3765 8.8836

between the true evoked potential s(n), and the estimated
evoked potential ŝ(n). The RMSE is computed as

RMSE =
{

1

N

N∑
n=1

(s(n) − ŝ(n))2

}1/2

, (8)

where N is the number of data samples in each trial. The second
measure is the SNR, which is computed as

SNR = 10 log10

{ ∑N
n=1 s2(n)∑N

n=1(s(n) − ŝ(n))2

}
(dB). (9)

In the first example, we have a single channel with 20 tri-
als, all of which contain the same evoked potential. Table 1
compares the LMS, RLS, Wiener filter, conventional wavelet-
based and TI wavelet-based approaches in terms of the mean
and standard deviation (SD) of the RMSEs and SNRs of the
evoked potential estimates of all trials. It is obvious from look-
ing at the table that the wavelet-based methods obtain the most
accurate estimates among all approaches. In addition, the TI
wavelet-based method outperforms the conventional wavelet-
based method. Fig. 2(a) corresponds to a single trial of the
noisy raw signal. Fig. 2(b)–(f) show the evoked potential esti-
mates for the single trial obtained via the LMS, RLS, Wiener
filter, conventional wavelet-based and TI wavelet-based meth-
ods, respectively. Note that the wavelet-based methods have
much more smooth estimates than the other methods. Smooth-
ness is an expected property of the evoked potential based on

200 400 600 800 1000 1200 1400
-6

-4

-2

0

2

4

6

8

Time samples

A
m

pl
itu

de

Fig. 1. Simulated evoked potential.
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Fig. 2. Simulated results for a single trial: (a) noisy signal; (b) LMS denoised signal; (c) RLS denoised signal; (d) Wiener filter denoised signal; (e) conventional
wavelet denoised signal; and (f) TI wavelet denoised signal.

Table 2
Comparison of the conventional wavelet-based and TI wavelet-based approaches when mother wavelets are chosen from different wavelet families for a single
channel in the absence of evoked potential variation

Approach Conventional wavelet TI wavelet

Wavelet family Daubechies Symlets Coiflets Daubechies Symlets Coiflets

Mean of RMSEs 0.4396 0.4368 0.4410 0.4100 0.4100 0.4138
SD of RMSEs 0.0541 0.0545 0.0546 0.0475 0.0474 0.0482
Mean of SNRs (dB) 14.6339 14.6868 14.6073 15.2254 15.2249 15.1460
SD of SNRs (dB) 8.3765 8.3172 8.3651 8.8836 8.8805 8.8075

the reliable evoked potential estimation results obtained by en-
semble averaging over a large number of trials. Table 2 com-
pares the wavelet-based and TI wavelet-based approaches in
terms of the mean and SD of the RMSEs and SNRs of the
evoked potential estimates of all trials, when mother wavelets

are chosen from the Daubechies, Symlets and Coiflets wavelet
family, respectively. The similar results in RMSEs and SNRs
demonstrate that the wavelet-based and TI wavelet-based ap-
proaches are not sensitive to the particular choice of the wavelet
family.
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Table 3
Comparison of the different approaches for a single channel in the presence of evoked potential variation

Approach LMS RLS Wiener filter Conventional wavelet TI wavelet

Mean of RMSEs 0.7353 0.6430 0.7059 0.4396 0.4100
SD of RMSEs 0.1764 0.2034 0.2201 0.0541 0.0475
Mean of SNRs (dB) 10.4973 12.0032 11.1979 14.6339 15.2260
SD of SNRs (dB) 5.9064 8.3075 7.5818 8.3764 8.8836

Table 4
Comparison of the different approaches for 20 channels

Approach LMS RLS Wiener filter Conventional wavelet TI wavelet

RMSE 0.5343 0.2788 0.3107 0.0936 0.0859
SNR (dB) 12.7590 18.4074 17.4660 27.8875 28.6259
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Fig. 3. Simulated results for the single trials from multichannels: (a) noisy signal; (b) LMS denoised signal; (c) RLS denoised signal; (d) Wiener filter denoised
signal; (e) conventional wavelet denoised signal; and (f) TI wavelet denoised signal.
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Fig. 4. Experimental results for a single trial of LFP: (a) noisy signal; (b) LMS denoised signal; (c) RLS denoised signal; (d) Wiener filter denoised signal;
(e) conventional wavelet denoised signal; and (f) TI wavelet denoised signal.

Next, we consider another single channel example where
there is a random latency jitter in the evoked potential across the
20 trials. The jitter has a Gaussian distribution with zero mean
and SD equal to the duration of 30 samples. The noise for each
trial is the same as the corresponding trial in the first example.
Latency jitter does exist in practice. For example, internally
induced latency jitter occurs when the monkey judges the onset
times of the same external stimulus differently at different trials.
Table 3 compares the LMS, RLS, Wiener filter, conventional
wavelet-based and TI wavelet-based approaches in terms of the
mean and SD of the RMSEs and SNRs of the evoked potential

estimates of all trials. The wavelet-based methods maintain
the same RMSE as in the first example. On the other hand,
significant performance degradations arise in the Wiener filter,
LMS and RLS due to the poor reference signal.

In the third example, we have 20 channels, each representing
a single trial. Table 4 compares the Wiener filter, LMS, RLS,
conventional wavelet-based and TI wavelet-based approaches
in terms of the mean and SD of the RMSE and SNR of the
evoked potential estimates. Comparing Tables 1 and 4, we see
that multichannel averaging significantly improves the evoked
potential estimates, especially for the wavelet-based approaches
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Fig. 5. Experimental results for the single trials from multichannels of LFP: (a) noisy signal; and (b) TI wavelet denoised signal.

with an improved SNR of more than 10 dB. Again, the TI
wavelet-based approach performs the best among all the meth-
ods. Fig. 3(a) shows the multichannel average of a single trial
of the noisy signal. Fig. 3(b)–(f) show the multichannel average
of the evoked potential estimates for the single trial obtained
via the LMS, RLS, Wiener filter, conventional wavelet-based
and TI wavelet-based methods, respectively.

3.2. Experimental results

In the experiment, LFP and MUA data from seven chan-
nels are collected simultaneously. Fig. 4(a) corresponds to a
single trial of the “noisy” LFP signal from a single channel.
Fig. 4(b)–(f) show the evoked potential estimates for the single
trial obtained via the LMS, RLS, Wiener filter, conventional
wavelet-based and TI wavelet-based methods, respectively. We
see that wavelet-based methods have much more smooth esti-
mates than the other methods. Fig. 5(a) shows the single trials
of the noisy LFP signals for all seven channels. The raw sig-
nal of each channel is denoted by a different color. Fig. 5(b)
shows the evoked potential estimates of the single trials for all
seven channels obtained via the TI wavelet-based method. Note
that the evoked potential estimates are well-aligned in time and
hence multichannel averaging is possible. Fig. 6(a) shows the
multichannel average of a single trial of the noisy LFP signal.
Fig. 6(b)–(f) show the multichannel average of the evoked po-
tential estimates for the single trial obtained via the LMS, RLS,
Wiener filter, conventional wavelet-based and TI wavelet-based
methods, respectively. Clearly, there is an improved visualiza-
tion of the evoked potential estimates by using multichannel
average.

Fig. 7(a) and (b) show the time–frequency distributions for
a single trial of a noisy raw LFP signal and its TI wavelet-
based evoked potential estimate, respectively. The SFM stim-
uli appeared at 0 s. The same axis range for the amplitude is
used here. Event-related activity is clearly noticeable in the
time–frequency distribution of the TI wavelet-based evoked
potential estimate, whereas such activity can hardly be seen

from that of the raw signal. Therefore, we conclude that the TI
wavelet-based method can recover the evoked potential.

Fig. 8(a) shows the ensemble average of 20 trials of a recti-
fied single trial MUA signal for the preferred rotation direction
and non-preferred rotation direction, respectively. The terms
“preferred” and “non-preferred” refer to the neuronal activity
when the monkey viewed the bistable SFM stimuli. The signif-
icantly larger neuronal response corresponds to the preferred
rotation direction of the neuron, while the significantly smaller
neuronal response corresponds to the non-preferred rotation di-
rection of the neuron. The monkey indicated the rotation direc-
tion by pushing one of two levers. Fig. 8(b) shows the ensemble
average of 20 trials of the TI wavelet-based evoked potential
estimates for the preferred rotation direction and non-preferred
rotation direction, respectively. The SFM stimuli appeared at
0 s. It is hard to discriminate the neural response of the two con-
ditions in the noisy MUA signal, while there is a clear difference
between the two conditions in the TI wavelet-based evoked po-
tential estimates. Therefore, the TI wavelet-based method can
help improve the prediction of the monkey’s behavioral choice.

4. Conclusions

In this paper we have shown how to apply conventional
wavelet-based and TI wavelet-based approaches for single-trial
evoked potential estimation. We have shown that wavelet-based
approaches outperform several existing methods including the
Wiener filter, LMS, and RLS. In addition, unlike the other
methods, wavelet-based approaches are immune to the effect
of trial-by-trial evoked potential variations. We have compared
the TI wavelet-based and conventional wavelet-based estimates
and demonstrated that the former has higher SNR and lower
RMSE than the latter. We have also shown that multichannel av-
eraging significantly improves the evoked potential estimation,
especially for the wavelet-based approaches. Simulated and ex-
perimental examples have demonstrated the effectiveness of the
wavelet-based approaches for extracting evoked potentials.
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Fig. 6. Experimental results for the multichannel average of a single trial of LFP: (a) noisy signal; (b) LMS denoised signal; (c) RLS denoised signal; (d)
Wiener filter denoised signal; (e) conventional wavelet denoised signal; and (f) TI wavelet denoised signal.

5. Summary

With less signal attenuation and reduced interferences and
noise, intracortical local field potential (LFP) offers a higher
signal-to-noise ratio (SNR) than scalp electroencephalograms
(EEG). One major component of LFP is the evoked potential,
which is a neural signal that reflects coordinated neural en-
semble activity associated with an external event. The evoked
potential offers an important source of information to study

the relation between neural activity and behavior. However, in
addition to the evoked potential, LFP also contains potentials
caused by ongoing background activity, which are not related
to the specific event. Extracting evoked potentials from LFP is
an essential task in both cognitive research and clinical appli-
cations.

In this paper we have shown how to apply conventional
wavelet-based and translation-invariant (TI) wavelet-based ap-
proaches for single-trial evoked potential estimation. We have
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Fig. 7. Experimental results for the time–frequency plot of a single trial of LFP: (a) noisy signal; and (b) TI wavelet denoised signal.
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Fig. 8. Experimental results for the ensemble average of 20 trials of MUA: (a) noisy signal; and (b) TI wavelet denoised signal.

shown that wavelet-based approaches outperform several ex-
isting methods including the Wiener filter, least mean square
(LMS), and recursive least squares (RLS). In addition, un-
like the other methods, wavelet-based approaches are immune
to the effect of trial-by-trial evoked potential variations. We
have compared the TI wavelet-based and conventional wavelet-
based estimates and demonstrated that the former has higher
SNR and lower root mean square error (RMSE) than the latter.
We have also shown that multichannel averaging significantly
improves the evoked potential estimation, especially for the
wavelet-based approaches. Simulated and experimental exam-
ples have demonstrated the effectiveness of the wavelet-based
approaches for extracting evoked potentials.
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