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Abstract. Billions of interconnected neurons are the building block of the human
brain. For each brain activity these neurons produce electrical signals or brain
waves that can be obtained by the Electroencephalogram (EEG) recording. Due
to the characteristics of EEG signals, recorded signals often contaminate with
undesired physiological signals other than the cerebral signal that is referred to
as the EEG artifacts such as the ocular or the muscle artifacts. Therefore, identi‐
fication and handling of artifacts in the EEG signals in a proper way is becoming
an important research area. This paper presents an automated EEG artifacts
handling approach, combining Wavelet transform, Independent Component
Analysis (ICA), and Hierarchical clustering. The effectiveness of the proposed
approach has been examined and observed on real EEG recording. According to
the result, the proposed approach identified artifacts in the EEG signals effectively
and after handling artifacts EEG signals showed acceptable considering visual
inspection.
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1 Introduction

The Electroencephalogram (EEG) signal represents the electrical activity of the brain
that is recorded along the scalp. EEG signal analysis has become an important research
area in the clinical research and Brain Computer Interfaces (BCI) applications. It has
also become useful physiological measurement for sleep study, epilepsy, and cognitive
science research. However, the problem with the EEG signal is that, it is non-stationary
and non-linear, and contaminates with other biological signals e.g., Electrooculogram
(EOG), Electromyography (EMG), Electrocardiogram (ECG) [1, 2]. EEG artifacts are
referred to any undesired signals or potential differences due to extra-cerebral source
that interfere with the recorded signal [3, 4]. Artifacts make EEG signals uninterruptable
and in the EEG signal analysis these can lead to a serious misinterpretation. Moreover,
in the EEG signal processing such as power spectral analysis or topographic displays,
artifacts can cause false conclusion unless artifactual data are handled or excluded from
the EEG data.

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2017
P. Perego et al. (Eds.): MobiHealth 2016, LNICST 192, pp. 144–148, 2017.
DOI: 10.1007/978-3-319-58877-3_19



The sources of the EEG artifacts are the ocular and the muscle activities; and both
kind of artifacts overlap with the neural brain activity, which increase the difficulty to
correctly interpret the EEG signals. The hypothesis on the artifacts is that, they are
independent from the brain activity, either collected from normal or pathologic subjects
[5]. Over the years, several methods have been proposed for artifacts removal from EEG
signal. Daly and his colleagues [6] have developed the FORCe: Fully Online and auto‐
mated artifact Removal tool for BCI application that combines wavelet transform, ICA
and thresholding. Thresholding was applied on the independent components (ICs) to
identify artifactual components, and resulting signals were obtained by removing the
ICs that are identified as artifacts. LAMIC [7] is a clustering algorithm that has been
developed to remove artifacts automatically from EEG signal. Blind source separation
algorithm called the Temporal Decorrelation Source Separation (TDSEP) has been
applied to decompose EEG signals. Later, clustering has been done on the components,
based on the similarity of their lagged Auto-Mutual Information (AMI). ICA and clus‐
tering algorithms have been used to classify artifacts in EEG signals in [8, 7].

This paper proposed an approach, combining wavelet transform, Independent
component analysis (ICA), and Hierarchical clustering methods to handle artifacts in
the EEG signals. Here, recorded EEG signals are decomposed to approximation and
details coefficients using wavelet transforms. Then ICA has been applied on the set of
approximation coefficients to separate coefficients into ICs. Thereafter, features are
extracted from each IC and all the ICs are grouped through Hierarchical clustering to
identify clusters containing artifactual ICs, which are used to remove artifacts.

2 Materials and Methods

EEG signals are recorded at 2048 Hz sample rate following the international 10–20-
electrode placement system with 19 channels EEG settings. A controlled data collection
scenario was used during the data collection and participants were asked to perform
different ocular and muscle movement activities to generate artifacts in the recorded
EEG data.

A step-by-step process of the proposed system for artifacts handling is presented in
Fig. 1. In the pre-processing, 50 Hz channel noise is removed from the recorded EEG
signals using notch filter and signals are divided into 1 s segments. After pre-processing,
recorded EEG signals are decomposed using wavelet transform that provides a set of
approximation and details coefficients. Then approximations coefficients are further
decomposed applying ICA to obtain ICs [6, 9].

In order to identify artifactual components i.e., the ocular and the muscle artifacts,
several features are extracted from each IC (Hurst exponent, Kutosis, 1/frequency
distribution, gamma power spectral density, spectral ratio i.e. the power spectral ratio
of two frequency ranges (ratio of 30–60 Hz and 4–30 Hz), energy ratio i.e.,
E(55 Hz ≤ f ≤ 100 Hz)∕E(f < 20 Hz), spectral edge frequency (SEF)) [10].

To identify artifactual components the Hierarchical Clustering algorithm is applied.
The Hierarchical algorithm clusters data over a variety of scales by creating a hierarch‐
ical structure (tree) or ‘dendrogram’. The tree is not a single set of clusters, but rather a
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multilevel hierarchy, where clusters at one level are joined as clusters at the next level
[11]. In Hierarchical clustering, the distance between pairs of objects is calculated using
Euclidean distance as a ‘correlation’ parameter of the MATLAB function ‘pdist’. The
linkage function applies ‘complete’ (i.e. Furthest distance) as a parameter, which deter‐
mines the objects in the data set that should be grouped into clusters. Finally, cluster
function with ‘cutoff’ value 1.1 is applied to group the data into random number of
clusters. In addition, to label each cluster a 1-D feature vector is estimated that consists
of 8 features (topography histogram, spectrum fit 1 and 2, frontal and peripheral location
scores, average auto-correlation, Lorentz threshold, and Symlets wavelet (sym3) repeat‐
ability). Then a distance measure is applied to identify clusters containing artifactual
components based Chauvenet’s Criterion threshold value of 0.75 [12].

3 Evaluation and Results

EEG recording with artifacts during saccades and body movement activity are shown
in Figs. 2(a) and 3(a) respectively. The resulting signals after artifacts handling are
depicted in Figs. 2(b) and 3(b). By comparing two signals (the recorded EEG signals
and the signals after handling artifacts), it is visible from the visual inspection that the
artifacts are handled in the recorded signals.

Recorded EEG EEG after artifacts handling

Saccades movement EEG Recoding

Fig. 2. (a) EEG signal with artifacts (b) EEG signal after artifacts handling
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Fig. 1. Steps of the proposed approach in order to handle artifacts in EEG signals
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Recorded EEG EEG after artifacts handling

Body movement EEG Recoding

Fig. 3. (a) EEG signal with artifacts (b) EEG signal after artifacts handling

However, the ratio between the recorded signal and the artifacts handled signals is
also important issue to observe. Thus, an experiment has performed to observe the
difference considering Signal Quality Index (SQI) in different artifacts activities.

Here, SQI in terms of standard deviation of the amplitude values (StdAmp), maximum
amplitude values (MaxAmp) and Kurtosis are calculated for saccades, body movement.
The calculated values for EEG with and without artifacts are presented in Table 1.

Table 1. Signal quality index of EEG signals with and without artifacts

Activity Parameter With artifacts Without artifacts Difference in
percentage

Saccades StdAmp 21.03 11.75 44.09%
MaxAmp 88.9 59.79 32.74%
Kurtosis 4.3 5.03 15.42%

Body movement StdAmp 23.54 10.28 56.33%
MaxAmp 156.82 84.04 46.41%
Kurtosis 7.4 8.0 08.01%

4 Conclusion

EEG signal measures the electrical activity of the brain and is a valuable physiological
measurement in clinical application and research. In the EEG signal processing, it is
important to handle artifacts i.e., the interference of physiological signals other than
brain activity. This paper proposed an automatic approach for handling ocular and
muscle artifacts in the EEG signals. Here, the proposed approach combines wavelet
transform, ICA, and Hierarchical clustering. In addition, a distance measure has been
applied using Chauvenet’s Criterion threshold value of 0.75 to label the artifactual clus‐
ters. From the results it is noticeable that for the ocular artifacts handling it can improve
signal quality index in the range of 15% to 44% and for the body movement signal quality
index the improvement is 8% to 56%. In addition, the proposed approach does not require
any reference signal to identify artifactual components from the independent compo‐
nents of ICA.
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