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Abstract

The application of a recently proposed denoising implementation for obtaining event-related potentials (ERPs) at the single-trial level is
shown. We study its performance in simulated data as well as in visual and auditory ERPs. For the simulated data, the method gives a
significantly better reconstruction of the single-trial event-related responses in comparison with the original data and also in comparison with
a reconstruction based on conventional Wiener filtering. Moreover, with wavelet denoising we obtain a significantly better estimation of the
amplitudes and latencies of the simulated ERPs.

For the real data, the method clearly improves the visualization of both visual and auditory single-trial ERPs. This allows the calculation of
better averages as well as the study of systematic or unsystematic variations between trials. Since the method is fast and parameter free, it

could complement the conventional analysis of ERPs.
© 2002 Elsevier Science Ireland Ltd. All rights reserved.
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1. Introduction

Event-related potentials (ERPs) can be roughly defined as
the changes of the ongoing electroencephalogram (EEG)
due to stimulation. They have low amplitude in comparison
with the background EEG activity and in consequence, they
are hardly visualized in the single-trials. The usual way of
improving the visualization of the ERPs is by averaging the
responses over several trials. However, ensemble averaging
relies on the basic assumption that the ERPs consist of an
invariant pattern time-locked to the stimulus, laying on an
independent stationary stochastic EEG signal. Although
ensemble averaging has been successfully used since the
‘50 s, the previous assumption is in strict sense not valid
(see e.g. Bagar, 1980). In fact, averaging implies a loss of
information related to systematic or unsystematic variations
between the single-trials and furthermore, these variations
(such as latency jitters) can affect the validity of the average
ERP as representative of the single responses.

Several techniques have been proposed in order to
improve the visualization of the ERPs. Most of these
approaches involve filtering of the single-trial traces, in parti-
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cular using techniques based on the Wiener formalism,
which provides an optimal filtering in the mean square
error sense (Walter, 1969; Doyle, 1975). However, these
approaches have the common drawback of considering the
signal as a stationary process and, since the ERPs are compo-
sitions of transient responses with different time and
frequency localizations, they are not likely to give optimal
results. A natural step forward is to implement time-varying
strategies, as proposed by de Weerd (1981) and de Weerd and
Kap (1981). In this respect, the Wavelet Transform (WT)
provides a time-frequency decomposition that is shown to
be very suitable for ERP analysis, due to its optimal resolu-
tion both in the time and in the frequency domain (Bartnik et
al., 1992; Bertrand et al., 1994; Schiff et al., 1994; Demiralp
et al., 1999; Quian Quiroga and Schiirmann, 1999; Quian
Quirogaetal., 2001). This study presents a recently proposed
denoising implementation based on the WT (Quian Quiroga,
2000) to obtain the ERPs at the single-trial level.

2. Simulated data

ERPs were constructed by superimposing 3 Gaussian
functions to simulated background EEG activity (see Fig.
1). As with real data, we will name the peaks: P1, N2 and
P3. We further introduced some random fluctuation in the
position of the peaks in order to resemble latency variability
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Fig. 1. Simulated event-related potential (upper plot) and single-trial realizations with added background EEG, for different SNR values.

seen in real data (ranges: 90—125, 120-155 and 400-650 ms,
for the P1, N2 and P3, respectively). The background EEG
signals were surrogates calculated from a short segment of
ongoing EEG activity (without stimulation). In order to
maintain the power spectrum, surrogates are usually
constructed applying the Fourier transform, shuffling the
phases, and then applying the inverse transform. In our

case we use an implementation proposed by Schreiber and
Schmitz (2000) that besides the power spectrum, also main-
tains the amplitude distribution of the original signal. We
generated 100 single-trials of 2 s each, with a sampling rate
of 256 Hz (resembling the recording conditions of the next
section) and different signal to noise ratios (SNR), as shown
in Fig. 1. The SNR was defined as the ratio of standard
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deviations of the ‘clean’ ERP signal and the one of the
surrogate EEGs, in the time-range containing the ERPs
(between 0 and 850 ms). Note that for SNR lower than 1
the ERPs are hardly recognizable in the single-trials. This is
stressed by the fact that the shapes of the ERPs look very
similar to the ones of the ongoing EEG.

Results with wavelet denoising will be compared to those
obtained by applying conventional Wiener filtering, as
described by Doyle (1975). For quantifying the performance
of wavelet denoising, we calculated the root mean squared
errors (RMS) of the single-trial denoised signals and
compared them to the ones of the Wiener filtered signals
and to the ones of the noisy original signals (in all cases,
RMS values were calculated in the time range where the
ERPs occur, i.e. between 0 and 850 ms). In order to test for
statistical significance, for each SNR we performed analysis
of variance (ANOVA) tests with factor signal type (original,
denoised and Wiener filtered). When differences between
groups were significant we further performed post-hoc
comparisons using Scheffe’s correction.

We also quantified the error in the estimation of the ampli-
tude and latency of the simulated peaks for the 3 type of
signals (original, denoised and Wiener filtered). Each peak
was identified in the single-trials as the maximum (mini-
mum) in a proper time window (i.e. 55-170, 95-210 and
330-680 ms for the P1, N2 and P3, respectively). Then,
the error in the single-trial amplitude (latency) estimation
o= |x; — £;| was defined, where for each peak and trial,
x;is the correct amplitude (latency) and £; is the estimated one
(in the case of the amplitude, for each peak all x;’s are the
same by construction). As in the previous case we performed
ANOVA comparisons for each SNR level. Whenever
significance at the P < 0.05 level was reached, post-hoc
comparisons were performed using the Scheffe’s correction.

3. Subjects and experimental set up

Wewill alsostudy ERPrecordings obtained with an oddball
paradigm upon two different stimulus modalities: visual
event-related potentials (VERP) and auditory event-related
potentials (AERP). The robustness of the method is stressed
by the fact that although an (almost) identical implementation
was used for both data sets, these were taken in different
laboratories and under different recording settings. For both
data sets, trials with artifacts were identified by visual inspec-
tion of the recordings and discarded for further analysis.

3.1. Pattern visual event-related potentials

In normal subjects, VERPs were obtained by using a
checkerboard light pattern (sidelength of the checks 50”).
Two different visual stimuli were presented in a pseudo-
random order (oddball paradigm; N = 200 stimuli): 75%
of the stimuli were the so called ‘non-target’ (a color rever-
sal of the checks) and the other 25% were the deviant stimuli
or ‘target’ (also a color reversal but with a half check displa-

cement of the pattern). Subjects were instructed to ignore
the non-target stimuli and to count the number of appear-
ances of the target ones (see Quian Quiroga and Schiirmann,
1999 for more details on the experimental setup). Scalp
recordings were obtained from frontal (F1, F2), central
(C3, Cz, C4), parietal (P3, P4) and occipital (O1, O2) elec-
trodes with linked earlobes references. In this study we will
only show results on the O1 electrode. Sampling rate was
250 Hz and after bandpass filtering in the range 0.1-70 Hz,
about 2 s of data (256 samples pre- and 256 samples post-
stimulation) were saved on a hard disk. Inter-stimulus inter-
vals varied randomly between 2.5 and 3.5 s.

3.2. Auditory event-related potentials

In two normal subjects, ERPs were obtained in an eyes-
open condition from 20 scalp electrodes distributed accord-
ing to the 10-20 system, with linked earlobes references. In
this study, only results from the Cz electrode will be
described. As in the case of VERP an oddball paradigm
was used (N = 100 stimuli), the non-target stimuli (75%)
being tones of 1000 Hz and the target ones (25%) being
tones of 500 Hz. For each trial, after digital filtering in the
range 1-70 Hz, 1 s of data was saved on a hard disc (from
0.2 s pre- to 0.8 s post-stimulation). Sampling rate was 204.8
Hz and the data of each trial was extended with symmetric
border conditions in order to have 256 data points per trial.

4. Description of the method
4.1. Wavelet Transform: brief theoretical background

The WT gives a time-frequency representation of a signal
that has two main advantages over previous methods: (a) an
optimal resolution both in the time and in the frequency
domains; and (b) the lack of the requirement of stationarity
of the signal. It is defined as the convolution between the
signal x(f) and the wavelet functions ()

WyX(a, b) = (x(t)|ip,,(1)) (H
where i,,,(?) are dilated (contracted) and shifted versions of
a unique wavelet function i(f)

_1 -b
o = lal () @

(a, b are the scale and translation parameters, respectively).
The WT gives a decomposition of x(¢) in different scales,
tending to be maximum at those scales and time locations
where the wavelet best resembles x(#). Moreover, Eq. (1)
can be inverted, thus giving the reconstruction of x(#).

The WT maps a signal of one independent variable ¢ onto
a function of two independent variables a, b. This procedure
is redundant and not efficient for algorithmic implementa-
tions. In consequence, it is more practical to define the WT
only at discrete scales a and discrete times b by choosing the
set of parameters {a; = 27 bjy= 27jk}, with integers j, k.
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Contracted versions of the wavelet function match the
high frequency components of the original signal and on
the other hand, the dilated versions match the low frequency
oscillations. Then, by correlating the original signal with
wavelet functions of different sizes we can obtain its details
at different scales. These correlations with the different
wavelet functions can be arranged in a hierarchical scheme
called multiresolution decomposition (Mallat, 1989). The
multiresolution decomposition separates the signal into
‘details’ at different scales, the remaining part being a coar-
ser representation of the signal called ‘approximation’.

In this study a 5 level decomposition was used, thus
having 5 scales of details (d;—ds) and a final approximation
(as). The lower levels give the details corresponding to the
high frequency components and the higher levels the ones
corresponding to the low frequencies. Quadratic bi-orthogo-
nal B-Splines (Cohen et al., 1992) were chosen as the basic
wavelet functions due to their similarity with the event-
related responses (thus having a good localization of the
ERPs in the wavelet domain), and due to their optimal
time-frequency resolution (for more details see Cohen et
al., 1992; Chui, 1992).

4.2. Denoising of the event-related potentials

We will now describe the denoising implementation for a
real dataset of 30 trials VERPs, corresponding to a single
subject. The gray curves in Fig. 2 show the decomposition
of the averaged VERP. On the left side we plot the wavelet
coefficients and on the right side the actual components/
decomposition. The sum of all the reconstructions gives
again the original signal (gray curve of the uppermost
right plot). Note that the P100-N200 response is correlated
mostly with the first post-stimulus coefficient in the details
ds—ds and the P300 is mainly correlated with the coefficients
at about 400-500 ms in as. This correspondence is easily
identified because: (1) the coefficients appear in the same
time (and frequency) range as the ERPs; and (2) they are
relatively larger than the rest due to phase-locking between
trials (coefficients related with background oscillations are
diminished in the average). In consequence, a straightfor-
ward way to partially avoid the fluctuations related with the
ongoing EEG is just by equaling to zero those coefficients
not correlated with the ERPs. However, the choice of these
coefficients should not be solely based on the average ERP;
indeed it should also consider the time ranges in which the
single-trial ERPs are expected to occur (i.e. some neighbor
coefficients may be included in order to allow for latency
jitters). In this respect, we propose first to choose the coeffi-
cients correlated with the event-related responses from the
average signal and then to heuristically adjust this set of
coefficients by comparing the outcomes of the denoised
single-trial ERPs with the raw data. Then, we should mainly
check that: (1) the denoising implementation will not filter
ERPs appearing with latency shifts; and (2) the method does
not introduce spurious changes in the peaks of interest (e.g.

as would happen if the set of coefficients is not sufficient for
a proper reconstruction of the ERPs).

The black traces on the left side of Fig. 2 show the coeffi-
cients kept for the reconstruction of the P100—N200 and the
P300 responses and the black curves on the right side show
the contributions of each level obtained by eliminating all
the other coefficients. Note that in the final reconstruction of
the averaged response (black curve in the uppermost right
plot) background EEG oscillations are filtered. We should
remark that this is usually difficult to achieve with a Fourier
filtering approach (especially in averages of a few number
of trials) due to the different time and frequency localiza-
tions of the P100—N200 and P300 responses, and also due to
the overlapping frequency components of these peaks and
the ongoing EEG. In this context, the main advantage of
wavelet denoising over conventional filtering is that we
can select different time windows for the different scales.

Once the coefficients of interest are identified from the
average ERP, we can apply the same procedure to each
single-trial, thus diminishing the contribution of back-
ground activity not related to the ERPs. This, of course,
does not filter spontaneous oscillations appearing in the
same time range and with the same frequency composition
as the ERPs. In fact, wavelet denoising may generate wave-
forms spuriously looking like ERPs just by filtering ongoing
EEG oscillations. This effect is stronger when the recon-
struction is done from very few wavelet coefficients, thus
having a very narrow filtering both in time and frequency.
We therefore propose to compare results with those
obtained with background EEG test signals in order to
discard misinterpretations due to an unfortunate selection
of coefficients.

In summary, the method consist in the following steps:

1. the activity of the average ERP is decomposed in differ-
ent scales (i.e. frequency bands) and times by using the
wavelet multiresolution decomposition;

2. wavelet coefficients correlated with the ERPs are identi-
fied and the remaining ones are set to zero. The chosen
coefficients should cover a time range in which the
single-trial ERPs are expected to occur;

3. the inverse transform is applied, thus obtaining a
denoised average ERP;

4. the denoising scheme defined by the previous steps
(keeping the coefficients chosen in point 2) is applied
to the single-trials;

5. validity of the method can be checked by applying the
same procedure to background EEG test signals.

We remark that once the coefficients are chosen (steps 1-3),
the method is parameter free and does not need to be adjusted
for different EEG/ERP ratios, number of trials or other differ-
ences between subjects, electrodes, etc. A simple implemen-
tation of the method in Matlab as well as a sample data set can
be obtained from http://www.vis.caltech.edu/~rodri.
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Fig. 2. Multiresolution decomposition and reconstruction of an averaged visual evoked potential (target stimuli, Ol electrode). Gray curves: original
decomposition and reconstruction; black curves: denoised decomposition and reconstruction. D|—Ds are the details at different scales and As is the last
approximation.
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Fig. 3. Simulated single-trial ERP with SNR = 1. The upper trace corresponds to the ERP with added background EEG activity. The two lower black traces
correspond to the reconstruction of the single-trial ERPs with wavelet denoising and Wiener filtering (lowest trace), respectively. The gray traces are the ERP

without background EEG.

5. Results
5.1. Application to simulated data

Before applying the method to real data, we will quantify
its performance in the simulated datasets and compare it to
the one obtained with Wiener filtering. For denoising the data
we used a similar implementation to the one shown in Fig. 2.

Fig. 3 shows one simulated single-trial with SNR = 1.
The upper curve is the simulated ERP with added back-
ground EEG, and the two lower black traces are the recon-
structions with wavelet denoising and Wiener filtering,
respectively. Gray traces correspond to the original ‘noise-
free’ ERP. We first note that the reconstruction of the origi-
nal ERP with Wiener filtering is very poor. This is due to the
time-varying characteristics of the ERP and as a conse-
quence, there is no time-invariant filter that is suitable for
all components. On the other hand, with wavelet denoising
the amount of background activity is clearly reduced and the
ERPs are much easily identified in the single-trials.

Fig. 4 shows the RMS values for the 3 signals, for
different SNRs. Differences between the different type of
signals (original, denoised and Wiener filtered) were highly
significant for all SNRs (P < 0.001) and we further

performed post-hoc comparisons using Scheffe’s correction
(significant differences are shown with the horizontal
segments in Fig. 4, all others were non-significant). In
general, we observe that wavelet denoising gives the
lowest RMS values. As expected, for high SNRs the
single-trial ERP estimation with wavelet denoising is as
good as with the original signal. On the contrary, the
performance of Wiener filtering with high SNRs is signifi-
cantly worse (as also seen in the previous figure). For
SNR = 0.5 all signals have a relatively large RMS and
the best performance is achieved with Wiener filtering.
However, in this case Wiener filtering gives nearly a flat
line, which of course is a bad estimation of the single-trial
ERPs. The poor outcome of the Wiener filtered signals for
both low and high SNRs will be more evident in the
following analysis.

In Fig. 5 we show the error ¢ of the estimation of the
amplitudes and latencies for the 3 peaks. Especially for the
estimation of the single-trial amplitude of the 3 peaks, the
performance with Wiener filtering is significantly worse than
with wavelet denoising and with the original signals. On the
contrary, wavelet denoising significantly improves the
single-trial amplitude estimation for all SNR values for the
P3, and for SNRs lower than 2 for the P1. For higher SNRs,
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Fig. 4. RMS error for the original, denoised and Wiener filtered signals. Note the best performance of the denoised signals for nearly all SNRs.

the o obtained with wavelet denoising for the P1 is lower than
for the original signal, but without reaching significance. A
similar tendency is observed for the N2, but in no case differ-
ences between denoised and original signals were significant.

For the estimation of the P3 latencies, wavelet denoising
performs the best except for SNR = 0.5, where the perfor-
mance of all methods was statistically the same. For the P1
and N2, latency estimations with wavelet denoising are
comparable to those with the original signal, without any
statistical difference. In general, latency estimations from the
Wiener filtered signals are the worst for SNR = 2 and larger,
and comparable to the other two signals for SNR < 2.

Table 1 summarizes the performance of the 3 signals (D:
wavelet denoised; W: Wiener filtered and O: original signal)
for the different measures and SNRs. In the table we mark
whether one of the signals gave a significantly better perfor-
mance than the other two, or whether two of them gave a
better performance than the third one (but without significant
differences between the first two). We observe that for most
SNRs, wavelet denoising performs the best in terms of RMS,
or based on the error of estimation of the single-trial ampli-
tude and latencies, especially for the P3.

We finally checked that results of denoising ERP data
differ from those of denoising ongoing EEG data (i.e. with-
out ERPs). As mentioned in Section 4.2, we want to verify

that the denoised single-trials show real ERPs, rather than
just ongoing EEG oscillations appearing in the same time
and frequency ranges as the expected ERPs. For doing this,
we applied the same denoising implementation to 100 simu-
lated single-trials with SNR = 1, and to simulated trials of
EEG data with the same variance. The difference between
both results was quantified by calculating the maximum

Table 1
Performance of the 3 type of signals (D: wavelet denoised; W: Wiener
filtered and O: original signal) for the different measures and SNRs*

SNR

0.5 1 1.5 2 2.5 3
RMS w D D D D D, 0O
P1 amplitudes D D D D,O D, O D, O
P1 latencies - - - - - D,0
N2 amplitudes D, 0 D, 0 D, 0 D, 0 D, 0 D, 0
N2 latencies - - - - - D,0
P3 amplitudes D, W D D D D D
P3 latencies - - D D D D

* We mark whether one of the signals gives a significantly better estima-
tion than the other two, or whether two of them give a better performance
than the third one. For RMS, differences are at P < 0.001 level and for
amplitude and latency estimations, differences are at the P < 0.05 level.
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Fig. 5. Errors (o) in the estimation of the single-trial amplitude and latencies of the 3 peaks from the original, denoised and Wiener filtered signals. Again, note

the best performance of the denoised signal for most cases.

(minimum) of each peak (using the same time windows as
before) and their latency variance. As expected, in all cases
the amplitudes of the denoised ERPs where significantly
larger than those of the denoised EEG (P < 10 _8) and the
latency variances were significantly lower (P < 107).

5.2. Application to visual event-related potentials

Fig. 6 shows the first 15 single-trials and the average
ERP for a single subject (same subject and denoising
implementation shown in Fig. 2). Note that with denoising
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Fig. 6. Single-trials corresponding to the data of Fig. 2. Gray lines: original data; black lines: denoised data. Note how after denoising, the ERPs can be better

visualized in the single trials. On the y-axis, values are in wV.

(black curves) we can distinguish the P100—-N200 and the
P300 in most of the trials. Note also that these responses
are not easily identified in the original signal (gray traces)
due to their similarity with the ongoing EEG. We can also
observe some variability between trials, as for example in
trials #2 and #13 where the ERPs are practically not
present, or trials #1, #4, #6, #7, #9, #11, in which the P3

appears earlier than in the average. For an easier visualiza-
tion, in Fig. 7 we plot the single-trial ERPs with and with-
out denoising (left and right side plot, respectively) by
using contour plots. In the denoised plot we observe
between 100 and 200 ms a yellow/red pattern followed
by a blue one corresponding to the P100-N200 peaks.
The more unstable and wider yellow/red pattern at about
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Fig. 7. Contour plot of the single trials shown in the previous figure. After denoising, it is easier to follow the evolution of the evoked responses with trial
number.

400-600 ms corresponds to the P300. Noteworthy, all these after denoising. Indeed, in the original signal the P100—
patterns are more difficult to be recognized in the original N200 peaks are hardly recognizable and the P300 is blurred
signal (left plot). by high frequency activity. We also note that in this case,

Fig. 8 shows the outcome of the method for another there is a large latency variation of the P300 latency, some-
subject. Again, we note that the ERPs are better visualized thing not seen in the average signal.
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Fig. 8. Same as the previous figure for another subject. Note the higher latency variability of the P300.

5.3. Application to auditory event-related potentials non-target stimuli, the ones upon the target ones being
qualitatively similar to those shown in the previous section.

Fig. 9 shows the average AERPs of a typical subject (492) In the denoised plots, we observe a blue pattern at about 100
and the corresponding single-trial responses with and with- ms after stimulation corresponding to the N100, followed by
out denoising. In this case we show only the results upon a yellow/red pattern corresponding to the P2. As in the case



R. Quian Quiroga, H. Garcia / Clinical Neurophysiology 114 (2003) 376-390

u Original
10

0 j\/’ ;\’N / '[\ﬁ'\v\m\/\/\/q

-0.2 0 02 04 06

50

Trial #

45

40

35

30

25

20

15

10

-0.2 0 02 04 06
Time (sec)

Trial #

387

uv Denoised
10

5

0

-5
-0.2 0 02 04 06

50

45

40

35

30

25

20

15

10

-0.2 0 02 04 06
Time (sec)

Fig. 9. Non-target AERPs from electrode Cz (subject 492). Note that single-trial ERPs are hardly recognizable from the original signal.

with visual stimulation, in many single-trials the ERPs are
not well defined. We further note that between trials 15 and
40 the N100 response appears with some delay. Therefore,
two ways of improving the averages are by: (1) selecting
only those single-trials where the ERPs are well defined

(selective averaging); and (2) correcting for latency jitters
between trials, as proposed by Woody (1967). For the selec-
tive averages, we calculated the cross-correlation between
the denoised averages and the denoised single-trials and
select those (denoised) trials with a cross-correlation larger
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than a certain value (0.4). From these selected trials, we then

calculated the jitter corrected averages by aligning the maxi-

mums of the N100 peaks to the maximum of the average.
In Fig. 10 we show the original and denoised averages,
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the selective averages and the jitter corrected ones (all of
them after denoising) for 3 different subjects and for a
control EEG signal (without ERPs; also averaged over the
same number of trials). For the first two subjects the selec-
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Fig. 10. From top to bottom: Averaged AERPs, denoised averages, selective averages and jitter corrected averages, for 3 subjects and for an ongoing EEG
signal (without ERPs). Note how selective and jitter corrected averages increase the definition of the evoked potentials (except for subject 1558 where changes

are comparable to the ones obtained in the control EEG signal).
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Table 2
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Amplitude and latencies of the N100 peak for 3 subjects and a test EEG signal obtained with the different type of averages

Original averages Denoised averages

Selective averages Jitter corrected averages

492 amplitudes (WV) —3.5 - 2.8
594 amplitudes (uV) —4.8 —3.38
1558 amplitudes (uV) - 1.8 - 3.1
EEG amplitudes (V) —22 —2.1
492 latencies (s) 0.104 0.104
594 latencies (s) 0.099 0.104
1558 latencies (s) 0.040 0.045
EEG latencies (s) 0.123 0.123

—-3.1 —-9.0

- 6.0 —83

—6.2 —94

-7.0 —122
0.128 0.104
0.104 0.099
0.045 0.040
0.123 0.123

tive averages show a better definition of the ERPs. The same
holds for the jitter corrected averages, especially in the first
case (492) due to its large latency variability, already shown
in Fig. 9. Table 2 shows the amplitude and latency values for
the N100 peaks obtained with the different averages. We
first note that latency values do not change much for the
different averages. On the contrary, the selective and jitter
corrected averages clearly increases the amplitude of the
peaks, as also seen in Fig. 10. The third subject (1558)
should be treated more carefully because no clear ERPs
are recognizable in the conventional average and also
because the latency of the (eventual) N100 is too short.
The lack of an average ERP can be due to a lack of
responses in the single-trials or due to a high latency jitter
between the trials. Although both the selective and the
latency corrected averages seem to better localize some
components, they also increase background oscillations.
This shows that rather than improving the visualization of
real ERPs, we are just aligning and filtering (with the
denoising procedure) ongoing EEG activity. In fact, we
obtain a similar result when applying these corrections to
a test EEG signal (without ERPs), and we therefore
conclude that for the last subject it is more likely that
there were no real ERPs in the single-trials.

6. Discussion

We proposed a denoising implementation that improved
the visualization of the single-trial ERPs and showed its appli-
cation to simulated data as well as to different types of real
ERPs. The usual way to visualize the ERPs is by means of
ensemble averaging. However, when averaging, information
about the variability between the single-trials is lost. Such
information could be important in order to study processes
such as habituation, sensitization, attention level, and it
could also help to identify features of the ERPs when informa-
tion from the average is not clear. In this respect, systematic
changes related to habituation and sensitization processes
have beenrecently reported using adenoising implementation
similar to the one showed in this paper (Quian Quiroga and van
Luijtelaar, 2002).

For the simulated data, wavelet denoising gave a signifi-
cantly better estimation of the single-trial ERPs in comparison

with the original data and also in comparison with Wiener
filtered data (Doyle, 1975). In general, differences between
the original and denoised data became smaller when increas-
ing the SNR. But not even in the case of very low noise
(SNR =3) the original data showed significantly better
results than the denoised one. This stresses the fact that wave-
let denoising does not introduce mayor artifacts in the recon-
struction of the ERPs. In other words, the denoising of a clean
ERP signal gives nearly the same ERP. This is not the case of
Wiener filtering, which for high SNRs gave significantly
higher errors in comparison with the original and denoised
data.

Some of the most interesting features to study in single-trial
ERPs are the changes in amplitude and latency of the peaks
from trial to trial. In this respect, with wavelet denoising we
obtained the best performance. This was remarkable when
estimating the amplitude and latencies of the P3 and also the
amplitudes of the P1. In the case of the N2 and also for the
latency estimation of the P1, the performance of wavelet
denoising was comparable to the one of the original signals.
Again, errors in the estimations of amplitude and latencies
with Wiener filtering were significantly the highest in most
cases.

The variability between single-trials, besides providing
interesting information per se, can also affect the validity
of the average ERP as representative of the single-trial
responses. Indeed, we showed how averages are improved
by selecting those trials with good responses and also by
correcting for latency jitters. These corrections led to
narrower (i.e. better defined) peaks with a clear increase
in their amplitudes. The use of selective averages as well
as jitter corrected averages had been proposed long ago
(Pfurtscheller and Cooper, 1975; Woody, 1967). The contri-
bution of wavelet denoising at this respect is that it improves
the identification of the single-trials responses, thus facili-
tating the construction of the selective or jitter corrected
averages. We also showed that by comparison with the
outcomes on ongoing EEG test signals, it could be checked
whether such averages are not the spurious result of aligning
and filtering of ongoing EEG oscillations. A similar check
was also performed to validate the denoising implementa-
tion per se, where a very narrow filtering in time and
frequency (i.e. selecting very few wavelet coefficients)
could make filtered EEG oscillations look like real ERPs.
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The main advantage of wavelet denoising over Wiener
filtering is that wavelets give a time-variant decomposition.
As a consequence, one can choose different filtering settings
(i.e. wavelet coefficients) for different time ranges, thus
matching the characteristics of the different event-related
responses. On the other hand, with time-invariant approaches,
such as Wiener filtering, it is not possible to find a unique
implementation that will be suitable for all ERP components.
A similar argument applies to other time-invariant filtering
procedures. These limitations had already been noted by de
Weerd (1981), who proposed a time-variant Wiener filtering
of ERPs. In comparison with this approach, wavelet denoising
has several advantages: (1) the wavelet decomposition offers
an excellent resolution both in time and in frequency; (2) by
applying the inverse WT, perfect reconstruction is achieved;
and (3) the method is based on multiresolution decomposition,
which is a very fast and recursive algorithm.

The use of wavelets for filtering average ERPs or for
visualizing the ERPs in the single-trials has already been
reported (Bartnik et al., 1992; Bertrand et al., 1994; Thakor
et al., 1993). However, these works propose denoising
implementations based exclusively on the average ERPs
without considering latency variations in the single-trials.
Effern et al. (2000a—) already noticed this caveat and
proposed two solutions. In Effern et al. (2000a), they intro-
duced an initial latency correction (before denoising) by
using an iterative procedure such as the one described by
Woody (1967). This correction mainly assumes that event-
related responses consist of a single component, or in the
case of several components, that the latency variations
from trial to trial are the same for all responses. A more
sophisticated algorithm using denoising after embedding of
the single-trials in a phase space was proposed in Effern et
al. (2000b,c). Briefly, by using a phase space reconstruc-
tion this algorithm looks for similarities in the shapes of
the different single-trial traces (the range at which these
similarities are searched depends on the embedding para-
meters). The main assumption is that the shape of the ERPs
will be similar in the different trials even if appearing at
different latencies. The caveat of such procedure is that
single-trial ERP traces are in many cases not distinguish-
able from ongoing EEG activity. The implementation we
used in this study is more straightforward and explicitly
uses the knowledge of the time and frequency ranges in
which the ERPs are expected to occur in the single-trials.
The obvious disadvantage is that our implementation is not
unsupervised and requires heuristic adjustment mainly by
comparing the outcomes of the denoised single-trial ERPs
with the raw data. However, we remark that once the wave-
let coefficients are chosen, the method is parameter free
and does not need to be adjusted for different EEG/ERP
ratios, number of trials or other differences between
subjects, electrodes, etc.
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