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Abstract: Electrical impulses generated by nerve firings in the brain diffuse through the head and can be 
measured by electrodes placed on the scalp, is known as electroencephalogram (EEG) and was first measured in 
humans by Hans Berger in 1929. The EEG gives a coarse view of neural activity and has been used to non-
invasively study cognitive processes and the physiology of the brain. The analysis of EEG data and the 
extraction of information from this data is a difficult problem. This problem is exacerbated by the introduction of 
extraneous biologically generated and externally generated signals into the EEG. EEG data is used for 
development of brain-computer interfaces (BCIs). A brain-computer interface has been defined as a 
“communication system that does not depend on the brain's normal output pathways of peripheral nerves and 
muscles" [1]. A BCI system allows users, typically people with motor disabilities, to communicate, via a 
computer, through their EEG signals. To increase the effectiveness of BCI systems it is necessary to find 
methods of increasing the signal-to-noise ratio (SNR) of the observed EEG signals. In the context of EEG driven 
BCIs, the signal is endogenous brain activity measured as voltage changes at the scalp while noise is any voltage 
change generated by other sources. These noise, or artifact, sources include: line noise from the power grid, eye 
blinks, eye movements, heart beat, breathing, and other muscle activity. Some artifacts, such as eye blinks, 
produce voltage changes of much higher amplitude than the endogenous brain activity. In this situation the data 
must be discarded unless the artifact can be removed from the data. The present paper gives overview of 
different techniques for artifact removal. 
 
 

1.INTRODUCTION 
The electroencephalogram (EEG) was first measured 
in humans by Hans Berger in 1929. Electrical 
impulses generated by nerve firings in the brain 
diffuse through the head and can be measured by 
electrodes placed on the scalp, & is known as 
electroencephalogram (EEG). The artifacts, such as 
eye blinks etc, in EEG recordings obscures the 
underlying processes and makes analysis difficult. 
Large amounts of data  
must often be discarded because of contamination by 
artifacts. To overcome this difficulty, signal 
separation techniques are used to separate artifacts 
from the EEG data of interest. The noise, or artifact, 
sources include: line noise from the power grid, eye 
blinks, eye movements, heart beat, breathing, and 
other muscle activity. Some artifacts, such as eye 
links, produce voltage changes of much higher 
amplitude than the endogenous brain activity. In this 
situation the data must be discarded unless the 
artifact can be removed from the data. The maximum 
signal fraction (MSF) transformation is an alternative 
to the two most common techniques: principal 
component analysis (PCA) and independent 
component analysis (ICA). A signal separation 
method based on canonical correlation analysis 
(CCA) is also used. The method of delays is used as a 
technique for dealing with non-instantaneous mixing 
of brain and artifact source signals. 
 
 
 

2. ARTIFACTS 
EEG data may be contaminated at many points 
during the recording and transmission process. Most 
of the artifacts are biologically generated by sources 
external to the brain. Improving technology can 
decrease externally generated artifacts, such as line 
noise, but biological artifact signals must be removed 
after the recoding process. Figure 1 shows 
waveforms of some common EEG artifacts. 
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Figure 1 (a) Clean EEG, (b) Eye blink, (c) Eye movement, (d) 50 Hz, (e) Muscle activity, (f) Puse. 
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i)Eye Blink artifact: It is very common in EEG data, 
produces a high amplitude signal that can be many 
times greater than EEG signals of interest. Because 
of its high amplitude an eye blink can corrupt data on 
all electrodes, even those at the back of the head. Eye 
artifacts are often measured more directly in the 
electrooculargram (EOG), pairs of electrodes placed 
above and around the eyes. Unfortunately, these 
measurements are contaminated with EEG signals of 
interest and so simple subtraction is not a removal 
option even if an exact model of EOG diffusion 
across the scalp is available [2] 
ii) Eye Movement: These artifacts are caused by the 
reorientation of the retinocorneal dipole [3]. The 
effect of this artifact is stronger than that of the eye 
blink artifact. Eye blinks and movements often occur 
at close intervals. 
ii)Line Noise: Strong signals from A/C power 
supplies can corrupt EEG data during transfer from 
the scalp electrodes to the recording device. Notch 
filters are often used to filter this artifact containing 
lower frequency line noise and harmonics. Notch 
filtering at these frequencies can remove useful 
information. Line noise can corrupt the data from 
some or all of the electrodes depending on the source 
of the problem. 
iv) Muscle Activity: These artifacts are caused by 
activity in different muscle groups including neck 
and facial muscles. These signals have a wide 
frequency range and can be distributed across 
different sets of electrodes depending on the location 
of the source muscles. 
v)Pulse. When an electrode is placed on or near a 
blood vessel, it causes pulse, or heart beat, artifact. 
The expansion and contraction of the vessel 
introduce voltage changes into the recordings. The 
artifact signal has a frequency around 1.2Hz, but can 
vary with the state of the object. This artifact can 
appear as a sharp spike or smooth wave [4]. 
 

3. A SURVEY ON ARTIFACT REMOVAL 
TECHNIQUES 

Artifacts in EEG are commonly handled by 
discarding the affected segments of EEG. The 
simplest approach is to discard a fixed length 
segment, perhaps one second, from the time an 
artifact is detected. Discarding segments of EEG data 
with artifacts can greatly decrease the amount of data 
available for analysis. EEG data collected from 
children is especially problematic in this respect [10]. 
The first attempts at removing artifacts focused on 
eye blinks. Regression using the EOG channel was 
attempted in the time and frequency domain [12, 11, 
20, 24, 25]. These methods all rely on a clean 

measure of the artifact signal to be subtracted out. 
Since the EOG is contaminated with EEG signals, the 
regression of ocular artifacts has the undesired effect 
of removing EEG signals from the observations. A 
good reviw can be found in [8, 9]. 

Kenemans et al. [14] gave a general lagged 
regression model. Jung et al. [2] used this regression 
model for a baseline artifact removal method. 
Multivariate statistical analysis techniques, such as 
principal component analysis, have been used to 
separate and remove noise signals from the brain 
activity of interest [5, 16, 2, 13, 17, 7, 20]. 
Comparisons of artifact removal using different 
transformations can be found in [26, 22]. Comparison 
of four methods for artifact removal by artificially 
mixing an artifact signal from one subject with a set 
of EEG signals from another subject is given in[22]. 
The artificial mixing matrices were chosen to 
approximate mixing in the scalp. Two independent 
component analysis methods studied in [6], were 
significantly better than principal component analysis 
and simple EOG subtraction. Performance was 
measured using the mean squared error between the 
true artifact signal and the extracted artifact signal. 
Significance was measured using an F-statistic and 
Tukey's studentized range test [22]. However 
artificially mixing a signal from one subject with 
those of another subject can not approximates the 
actual circumstances of artifact contamination of 
EEG. 

The common spatial patterns (CSP) 
technique, which requires the use of two data sets 
was used by Koles [15] to remove abnormal 
Components, It uses data from 80 patients. No 
quantitative evaluation was done on the removal but 
it was visually observed that the artifacts were 
extracted into a small number of components that 
would allow their removal. In online filltering 
systems, artifact recognition is important for 
achieving their automatic removal. One approach to 
recognition of noise components is based on 
measuring structure in the signal. The fractal 
dimension and a metric based on auto-regressive 
(AR) coefficients have been used for this purpose [7, 
21]. 
Eye blinks and heart beats were found to have 
consistent fractal dimensions on the data studied [21]. 
Jung [2] suggests that the spectral structure might be 
distinct for certain artifact components (e.g., line 
noise) and that this would allow for automatic 
removal of these artifacts. Kalman filters and 
extended Kalman filters have also been used for 
artifact detection with success
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depending heavily on the artifact type [19, 
18]. This approach was most successful at 
recognizing one second windows containing muscle 
and movement artifacts. The common signal 
separation approaches to artifact removal are: 
principal components analysis, maximum signal 
fraction analysis, canonical correlation analysis, and 
independent component analysis. 
 

4. EEG DATA COLLECTION 
EEG is most commonly recorded according to the 
international 10-20 electrode placement system 

shown in Figure 2 [29]. The 10-20 system was 
developed to standardize the collection of EEG and 
facilitate the comparison of studies performed at 
different laboratories. When only a few channels of 
EEG are collected the electrodes are placed at a 
subset of the sites.. The EOG channel generally 
consists of two electrodes referenced to each other. 
The recorded signal is obtained by subtracting a 
signal measured below the eye from one measured 
above the eye. 

 
 

Figure 2: The International 10-20 electrode placement system 
 

5. COMPARING ARTIFACT REMOVAL 
METHODS 

Analysis of artifact removal is inherently 
difficult, because no truth is known by which 
methods can be compared. One validation criterion, 
originally proposed in [20], is that the EOG and the 
EEG should be uncorrelated. Croft and Berry [9] note 
that though this might serve as a guide, the true 
correlation between EEG and EOG is unknown, and 
so this cannot be a true validation measure. 
Nevertheless, considering these correlations can yield 
interesting information about the data. 

The principal component analysis technique, 
or equivalently, the singular value decomposition 
(SVD), is limited in its signal separation capabilities 
by the simultaneous constraints of temporal and 
spatial orthogonality. For an artifact signal to be 
separated by the SVD, it must have high variance or 
it will be mixed with other components. For some 

large amplitude eye blinks this assumption may be 
met, but the SVD will generally not be successful at 
removing other lower amplitude artifact signals. The 
maximum signal fraction (MSF) transform enforces 
temporal decorrelation of the extracted components 
but only constrains the spatial patterns to forming an 
invertible matrix. The optimization criteria used to 
derive this technique allows the sorting of the 
transformed signals in order of decreasing signal-to-
noise ratio. The ordering can be used to help 
automatically denoise signals since low signal-to-
noise ratio components can be filtered out. Eye blink 
artifacts tend to have high signal-to-noise ratios and 
are generally the first or second component. The 
canonical correlation analysis (CCA) approach to 
signal separation requires that the signals to be 
separated have different 1-lag autocorrelation 
structures.  
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6. CONCLUSIONS AND FUTURE 
DIRECTIONS 

The paper summarizes the overview of 
Artifacts and their removal in EEG Signals. Various 
techniques has been discussed for artifact removal. 
Authors are presently engaged in designing 
intelligent techniques for artifact removal and other 
Brain Computer interface related techniques such as 
classification of motor imagery etc.  A survey on 
artifact removal techniques has been presented in this 
paper. 

 
7.REFERENCES 

[1] J.R. Wolpaw, N. Birbaumer, W.J. Heetderks, D.J. 
McFarland, P.H. Peckham, G. Schalk, E. Donchin, 
L.A. Quatrano, C.J. Robinson, and T.M. Vaughan. 
Brain-computer interface technology: A review of the 
first international meeting. IEEE Transactions on 
Rehabilitation Engineering, 8(2):164-173, June 2000. 
[2]T-P. Jung, C. Humphries, T.W. Lee, M.J. 
McKeown, V. Iragui, S. Makeig, and T.J. Sejnowski. 
Removing electroencephalographic artifacts by blind 
source separation. Psychophysiology, 37:163-178, 
2000. 
[3]D.A. Overton and C. Shagass. Distribution of eye 
movement and eye blink potentials over the scalp. 
Electroencephalography and Clinical 
Neurophysiology, 27:546, 1969 
[4]J.F. Cardoso. High-order contrasts for independent 
component anslysis. Neural Computation, 11(1):157-
192, 1999. 
[5] P. Berg and M. Scherg. Dipole models of eye 
activity and its application to the removal of eye 
artifacts from the EEG and MEG. Clinical Physics 
and Physiological Measurements, 12(Supplement 
A):49-54, 1991 
[6]J.-F. Cardoso. High-order contrasts for 
independent component anslysis. Neural 
Computation, 11(1):157-192, 1999 
[7]A. Cichocki and S. Vorobyov. Application of ICA 
for automatic noise and interference cancellation in 
multisensory biomedical signals. In Proceedings of 
the Second International Workshop on ICA and BSS, 
pages 621-626, June 2000. 
[8] R. J. Croft and R. J. Barry. EOG correction: 
Which regression should we use? Psychophysiology, 
37:123-125, 2000. 
[9] R. J. Croft and R. J. Barry. Removal of ocular 
artifact from the EEG: a review. Clinical 
Neurophysiology, 30(1):5-19, 2000. 
[10]Dr. Patti Davies. Personal communication. 
Occupational Therapy Department, Colorado State 
University 
[11]G. Gratton, M.G. Coles, and E. Donchin. A new 
method for offline removal of ocular artifact. 
Electroencephalography and Clinical 
Neurophysiology, 55:468-484, 1983. 
[12]S.A. Hillyard and R. Galambos. Eye-movement 
artifact in the CNV. Electroencephalography and 
Clinical Neurophysiology, 28:173-182, 1970. 

[13]T.P. Jung, S. Makeig, M. Westerfield, J. 
Townsend, E. Courchesne, and T.J. Sejnowski. 
Removal of eye activity artifacts from visual event-
related potentials in normal and clinical subjects. 
Clinical Neurophysiology, 111(10):1745-58, 2000. 
[14]J.L. Kenemans, P. Molenaar, M.N. Verbaten, and 
J.L. Slangen. Removal of the ocular artifact from the 
EEG: a comparison of time and frequency domain 
methods with simulated and real data. 
Psychophysiology, 28:114-121, 1991. 
[15]Z.J. Koles. The quantitative extraction and 
topographic mapping of the abnormal components in 
the clinical EEG. Electroencephalography and 
Clinical Neurophysiology, 79:440-447, 1991. 
[16] S. Makeig, A.J. Bell, T-P. Jung, and T.J. 
Sejnowski. Independent component analysis of 
electroencephalographic data. In D. Touretzky, M. 
Mozer, and M. Hasselmo, editors, Advances in 
neural information processing systems, volume 8, 
pages 145-151, Cambridge, MA, 1996. The MIT 
Press. 
[17]M. Potter, N. Gadhok, and W. Kinsner. 
Separation performance of ICA on simulated EEG 
and ECG signals contaminated by noise. Canadian 
Journal of Electrical and Computer Engineering, 
27(3):123-127, July 2002. 
[18] M. Rahalova, P. Sykacek, M. Koska, and G. 
Dor®ner. Detection of the EEG artifacts by the 
means of the (extended) Kalman filter. Measurement 
Science Review, 1(1):59-62, 2001 
[19] A. SchlÄogl, P. Anderer, S.J. Roberts, M. 
Pregenzer, and G. Pfurtscheller. Artefact detection in 
sleep EEG by the use of Kalman filtering. In 
Proceedings EMBEC'99, Part II, pages 1648-1649, 
Vienna, Austria, November 1999. 
[20] R. Verleger, T. Gasser, and J. Mocks. Correction 
of EOG artifacs in event-related potentials of EEG: 
Aspects of reliability and validity. Psychophysiology, 
19:472-480, 1982. 
[21] S. Verobyov and A. Cichocki. Blind noise 
reduction fo multisensory signals using ICA and 
subspace filtering, with application to EEG analysis. 
Biological Cybernetics, 86:293-303, 2002. 
[22] L. Vigon, M.R. Saatchi, J.E.W. Mayhew, and R. 
Fernandes. Quantitative evaulation of techniques for 
ocular artefact removal. IEE Proc.-Sci. Meas. 
Technol., 147(5), September 2000. 
[23] P.D. Welch. The use of fast fourier transform for 
the estimation of power spectra: A method based on 
time averaging over short, modifed periodograms. 
IEEE Transactions on Audio Electroacoustics, 
15(2):70-73, June 1967. 
[24] J.L. Whitton, F. Lue, and H. Moldofsky. A 
spectral method for removing eye-movement artifacts 
from the EEG. Electroencephalography and Clinical 
Neurophysiology, 44:735-741,1978. 
[25] J.C. Woestenburg, M.N. Verbaten, and J.L. 
Slangen. The removal of the eye-movement artifact 
from the EEG by regression analysis in the frequency 
domain. Biological Physiology, 16:127-147, 1983. 


