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Abstract: Electroencephalography (EEG) is a well
established methodology to record the electrical activity of
the brain. We can be interested in monitoring the cerebral
electrical activity for different purposes: studying the
cognitive activity, interfacing the brain with the machine,
extracting diagnostic information, etc. Artifacts are
unwelcome signals, generated by electromagnetic sources
not related to cerebral activity, that may overlap to the
EEG signals and affect their processing. Whatever the
goal of EEG processing, a preprocessing step consisting
in artifact removal is normally required. Unfortunately, ar-
tifact removal is unavoidably a lossy procedure, therefore,
the goal must be removing artifacts losing the minimum
amount of useful information embedded in the EEG.
To this purpose, Automatic Wavelet-ICA was recently
proposed by the authors. The technique is multistep
and parameter dependent, thus its performance may vary
significantly with the parameter setting. The present paper
shows the results of the optimization with respect to the
threshold used for artifact detection.
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1. INTRODUCTION
Electroencephalography (EEG) is nowadays one of the

key and most widespread technique used to have knowl-
edge of the ongoing activity of the brain. The aims can be
different: studying the cognitive cerebral activity, interfac-
ing the brain with the machine (to allow for a mind-control
of the machine itself), extracting diagnostic information,
etc. Artifacts are unwelcome signals, generated by arti-
factual electromagnetic sources, whose field gets mixed to
the bio-electromagnetic field generated by the brain dur-
ing is activity, that is what we aim to collect via EEG
recording [1], [2], [3]). In this way, the electrical activity
of the brain might be partially or completely hidden and,
consequently, EEG processing might provide incorrect re-
sults. Artifacts can be generated by different sources such
as muscles, eye movements and blinks, sweating, breath-
ing, heart beat, electrical line noise, etc. EEG might be to-
tally obscured, for example by heavy artifact with muscu-
lar origin, or might be distorted, exhibiting shapes that are
typical of pathological events even though nothing patho-

logical happened. Whatever the goal of our analysis is, a
preprocessing step of artifact rejection is normally required
when dealing with EEG. Unfortunately, artifact removal is
unavoidably a lossy procedure: we can either discard the
entire artifactual epoch (but the real time continuous EEG
processing is no longer possible) or try to reduce the effect
of artifacts in different ways. Thus the goal must be reduc-
ing artifacts while losing the minimum amount of useful
information embedded in the EEG.

Betta et al. [4] Proposed an automated analysis of REM
sleep, which includes both a REMs detection algorithm
and an ocular artifact removal system, the two steps based
respectively on Wavelet Transform and adaptive filtering.

Adib et al. [5] Presented a method to remove artifacts in
electroencephalography records during Galvanic Vestibu-
lar Stimulation (GVS), they combined time-series regres-
sion methods with wavelet decomposition methods.

Daly et al. [6] presented a comparative study of auto-
matic methods for removing blink, electrocardiographic,
and electromyographic artifacts from the EEG. Three
methods were considered; wavelet, blind source separa-
tion (BSS), and multivariate singular spectrum analysis
(MSSA)-based correction.

Daly et al. [7] also presented an algorithm for identify-
ing clean EEG epochs by thresholding statistical properties
of the EEG because lack of a clear analytical metric for
identifying artifact free, clean EEG signals inhibits robust
comparison of different artifact removal methods.

Zima et al. [8] introduced an automatic sequential pro-
cedure which is capable of removing short-duration, high-
amplitude artifacts from long-term neonatal EEG record-
ings. The artifacts are removed sequentially in short-term
signals using Independent Component Analysis (ICA)
transformation and wavelet denoising.

Javidi et al. [9] introduced a new class of complex do-
main blind source extraction algorithms suitable for the ex-
traction of both circular and non-circular complex signals
is proposed. The performance is assessed through simula-
tions on real-time artifact removal from EEG signals, veri-
fied using both qualitative and quantitative metrics.

Winkler et al. [10] proposed a universal classifier of
independent components for the subject independent re-
moval of artifacts from EEG data.

De Vos et al. [11] discussed the evaluation of algorithms
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Fig. 1. Block diagram of Wavelet-ICA processing system for EEG artifact rejection. The EEG recording is first parti-
tioned into the four major EEG rhythms. The artifact-linked wavelet components are then selected from the sub-tracings
representing the rhythms and passed through ICA. The Wavelet-Independent Components of artifactual origin are selected
and cancelled. Inverse ICA and Wavelet reconstruction are then performed in order to recover the clean EEG dataset. The
blocks that are numerically labelled are discussed in detail in the corresponding subsections of Section 2.

using Independent Component Analysis for automatic re-
moval of ECG, pulsation and respiration artifacts in neona-
tal EEG before automated seizure detection.

Bartels et al. [12] introduced an algorithm that removes
artifacts from EEG based on blind source separation and
support vector machine.

Gao et al. [13] introduced different algorithms for the
removal of various artifacts from EEG signals using com-
bined methods.

Removing artifacts while preserving the information
content of the EEG requires a tool that is able to efficiently
isolate the artifacts and an expert classifier that is able to
discriminate between artifactual and useful content. So far,
a lot of techniques have been proposed to isolate and reject
the artifacts but most of them are not automatical, in other
words they need an expert user to perform the classifica-
tion and rejection steps. The issue of automatization is a
key topic in EEG artifact rejection: a technique, to be con-
sidered fully automatic, must ensure that the user is not re-
quired to detect artifacts nor to interact with the procedure
until the reconstructed clean EEG is produced.

The drawback of dealing with a non automatic proce-
dure is twofold: realtime EEG processing is not possible
(because the EEG should be preprocessed manually) and
expert knowledge about EEG artifacts is required, what-
ever the purpose of EEG processing is. Of course, reaching

good performance with an automatic rejection algorithm is
more challenging than succeeding with a semi-automatic
method that is supervised by an expert, this is why auto-
matic methods should be compared against one another as
well as semi-automatic or manual methods.

Another delicate issue is the method evaluation. Arti-
fact rejection methods should be first tested on simulated
artifactual EEG (artifact-free EEG recording where simu-
lated artifacts are mixed artificially) in order to be able to
compare the original artifact-free EEG with the EEG re-
constructed after artifact rejection. Often, the algorithms
are tested over real EEG and their performance is evalu-
ated only visually.

In order to deal with all these issues, a technique was re-
cently proposed by the authors ([14], [15], [16], [17], [18],
[19]) that performs automatic artifact rejection while not
discarding any epoch of the EEG recording. Very encour-
aging results were obtained, however, in order to make the
technique more efficient and reliable, further improvement
is required to minimize the EEG information loss. AWICA
technique is multistep and parametrical: the present paper
shows the results of parameter optimization with respect
to different kind of artifact. The paper is organized as fol-
lows: Section 2. shortly illustrates AWICA technique and
highlights which parameters of the procedure are tuned to
be optimized, Section 4. reports the results and Section 5.
discusses the conclusions.
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Fig. 2. Comparison of the quality of artifact rejection for different threshold1 and threshold2 settings and different arti-
facts: (a) eye blink; (b) muscular activity; (c) electrical shift; (d) linear trend. The original artifact-free EEG is compared
with the EEG reconstructed after artifact rejection. The metric used for the comparison is the Peak Signal to Noise Ratio
(PSNR). X- and Y- axes account for Threshold 1 and Threshold 2, on the Z-axis, PSNR values are reported as 3D bars.

2. METHODOLOGY: AUTOMATIC
WAVELET-ICA

AWICA description:
The technique presented in [14] is a fully automatized

method based on the joint use of Wavelet Transform and
Independent Component Analysis. The method is here
just shortly summarized, for a full, complete description,
please refer to [14]. The block diagram of AWICA is de-
picted in Figure 1: the first step consists in partitioning
each EEG channel into the four major bands of brain ac-
tivity (delta, theta, alpha and beta); therefore each EEG
time series is split into four time series and is accounted by
a Wavelet Component (WC).

The next step is to automatically identify the WCs linked
to artifactual events quantifying their degree of artifactual-
ity through some markers (kurtosis and entropy) [20], [14],
[21]. The next step is passing the artifactual WCs through
ICA in order to extract the artifactual content and con-
centrate it in a few independent components (ICs). Then,
the artifactual Wavelet Independent Components are au-
tomatically selected and rejected. Finally, the EEG is re-
constructed in three steps: inverse ICA (to reconstruct the

artifact-free WICs) and inverse DWT (to reconstruct the
artifact-free WCs), in the end, the overall artifact-free EEG
dataset is reconstructed.

EEG data description:
EEG data are from a database available online

(ftp://ftp.ieee.org/uploads/press/rangayyan/) which con-
sists of an eight-channel artifact-free EEG. The sampling
rate is 100Hz and the time duration is 7.5 sec. The elec-
trode montage and the EEG recording are shown in [16].

According to [22], four types of artifacts were synthe-
sized: eye blink, muscular activity, electrical shift, linear
trend. We modelled electrical shift artifacts by implement-
ing discontinuities, linear trends with a slope of 100µV
per second, temporal muscle artifacts using random noise
band-pass filtered (FIR) between 20 and 60 Hz and eye
blinks by random noise band-pass filtered (FIR) between 1
and 3 Hz.

In order to simulate a real artifactual EEG, we mixed
one by one the synthesized artifacts to the central or frontal
electrodes of the EEG (with a 0 dB signal-to-noise-noise
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ratio). Thus, we obtained four EEG dataset where two
channels are corrupted by artifacts [14].

3. METHOD OPTIMIZATION

Fig. 3. Results of blink artifact rejection. This figure shows
the original artifact-free EEG, the EEG with the simulated
blink artifact and the EEG reconstructed after artifact re-
jection with threshold1=1.5 and Threshold2=1.5.

As discussed in the Introduction, the goal of the present
paper is to investigate the possibility of AWICA optimiza-
tion. Since AWICA is multistep and parametrical, in order
to optimize it we have to analyze how its performance de-
pends on the involved parameters. In particular, the present
paper focuses on the dependence on the two threshold that
are used for artifactual WCs and artifactual WICs detec-
tion: Th1 (Section 2.) and Th2 (Section 2.), respectively.
To this purpose, the four simulated artifactual EEG were
proccesed by AWICA with Th1 and Th2 running from 1 to
1.5 with a 0.1 step: therefore we have 6 possible values for
either Th1 and Th2 and, globally, 36 different parameter
setting for AWICA.

Each of the four EEG dataset was processed by AW-
ICA in every possible parameter setting, therefore, 144 test
were carried out.

The goal of the test was to compare the similarity be-
tween the original artifact-free EEG and the EEG recon-
structed by AWICA after the artifacts that were artificially
mixed were rejected. The measure we chose to compare
the original and the reconstructed time series is the Peak
Signal to Noise Ratio (PSNR). PSNR is a measure of the
peak error and is expressed in decibels. PSNR is here used
to measure the quality of lossy reconstruction. The signal
in this case is the original artifact-free EEG and the noise
is the error due to signal reconstruction after artifact rejec-
tion. The higher the PSNR the better the reconstruction.
The higher the PSNR, the better is the quality of the recon-

Fig. 4. Results of electrical shift artifact rejection. This
figure shows the original artifact-free EEG, the EEG with
the simulated electrical shift artifact and the EEG re-
constructed after artifact rejection with threshold1=1 and
Threshold2=1.4.

structed signal data.

PNSR = 20 log10
maxNi=1 x(i)√∑N

i=1(x(i)− xrec(i))
2

N

4. RESULTS
The technique AWICA was implemented in

MATLAB R© and was applied to the synthesized arti-
factual dataset 1.

Since the frequency range of the EEG was 0-50 Hz, a
N = 4 levels wavelet decomposition was sufficient to par-
tition the frequency range of interest into the sub-bands
corresponding to the major EEG rhythms (delta: 0-4 Hz,
theta: 4-8 Hz, alpha: 8-12 Hz, beta: above 12 Hz).

Figures 2 shows the comparison of the quality of EEG
artifact rejection for different threshold1 and threshold2
setting and different kind of artifact. Each sub-figure is
associated to a different simulated artifactual EEG: EEG
with blink (Figure 2.a), muscle activity (Figure 2.b), elec-
trical shift (Figure 2.c), linear trend (Figure 2.d). Each
sub-plot shows a 3D bar diagram representing the differ-
ent PSNR values obtained applying AWICA with different
Th1-Th2 parameter setting. The original artifact-free EEG
is compared with the EEG reconstructed after artifact re-
jection, in other words each artifact-free EEG time series
is compared with the corresponding reconstructed EEG

1The toolbox is open source and available, if interested, please send
an email to the corresponding author: nadia.mammone@unirc.it
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time series, then the average PSNR is estimated over the 8
time series (8 EEG channels). Since the higher the PSNR,
the better the reconstruction, we can infer that the optimal
threshold setting depends on the nature of the artifact: for
blink artifact (Figure 2.a) the best setting is Th1=1.5 and
Th2=1.5, for muscular activity artifact (Figure 2.b) the best
setting was Th1=1.3 and Th2=1.4, for electrical shift arti-
fact (Figure 2.c) the best setting was Th1=1 and Th2=1.4
or Th1=1.3 and Th2=1.4, for linear trend artifact (Figure
2.d) the best setting was Th1=1 or 1.2 or 1.5 and Th2=1.5.

This means that threshold setting should be tuned ac-
cording to the kind of artifact that occurred and that a pre-
processing step of artifact classification would improve the
performance.

Figures 3-6 show the visual comparison between the
original artifact-free EEG, the simulated artifactual EEG
and the EEG reconstructed by AWICA when the best
threshold setting is selected according to PSNR.

Figure 3 shows the comparison for blink, Figure 5) for
muscular activity, Figure 4 for the electrical shift and Fig-
ure 6 for the linear trend.

The best performance were achieved for blink and mus-
cular activity suppression. Looking at Figures 4 and 6, we
can see that artifacts were reduced but the EEG was par-
tially distorted also in the artifact-free segments. Future
investigations should be focused on minimizing the distor-
tion, especially in those segments that are not affected by
artifacts and that should be mostly preserved.

Fig. 5. Results of muscle artifact rejection. This fig-
ure shows the original artifact-free EEG, the EEG with
the simulated muscular artifact and the EEG reconstructed
after artifact rejection with threshold1=1.3 and Thresh-
old2=1.4.

Fig. 6. Results of linear trend artifact rejection. This fig-
ure shows the original artifact-free EEG, the EEG with the
simulated linear trend artifact and the EEG reconstructed
after artifact rejection with threshold1=1.5 and Thresh-
old2=1.5.

5. CONCLUSIONS
In this paper, the importance of Electroencephalography

(EEG) artifact removal was addressed. Since EEG is one
of the key and most widespread technique used to have
knowledge of the ongoing activity of the brain and arti-
facts are unwelcome signals that may overlap to the elec-
trical activity of the brain and can affect EEG processing,
artifact removal is a necessary pre-processing step, what-
ever the purpose of our EEG analysis. Unfortunately, ar-
tifact removal is unavoidably a lossy procedure, thus the
goal must be reducing artifacts while losing the minimum
amount of useful information embedded in the EEG. To
this purpose, in this paper we investigate the optimiza-
tion of Automatic Wavelet-ICA (AWICA), a multi-step
and parametrical technique recently proposed by the au-
thors. The present paper shows the results of parameter op-
timization with respect to different kind of artifacts: ocular
blink, muscular activity, electrical shift and linear trend.
The results show that each artifact is better reduced with
a specific parameter setting, therefore, future research will
be focused on classifying artifacts together with their de-
tection for optimal parameter setting.
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