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ICA method assumes that the scalp potential is the weighted
sum of sources. However, ICA results are uncorrelated when
segmentation is improper. ICA shows good performance over
PCA, the performance factors as correlation and Signal to
Noise ratio (SNR). ICA needs to select segment size
(components) manually for correction. There is no fully
automatic component (segmentation) selection method
available in the literature. Semi-automatic segmentation was
suggested in [5]. Wavelet based decomposition and removal
of OA suggested in [6-7]. Independent Component (IC)
analyzed using wavelet packets and this method removes OA
and other artifacts. Wavelet based IC analysis shows poor
correlation in case of original and processed EEG signal due
to non-stationary property of segments and threshold value.
Improper threshold value results into uncorrelated EEG
signal. Hard and soft threshold method suggested in the
literature [8-9]. Adaptive threshold is having greater
advantage over other threshold method. However, the EEG
signal information is violated which is present in the time
band of OA. There is no known method to estimate or recover
the information available in the band of OA.

Abstract
Ocular artifact often affected the Electroencephalogram and
contaminated valuable information. The present work deals
with novel Automatic dynamic size independent components
based on statistical information of signal and developed multi
level decomposition with adaptive threshold for removing of
ocular artifacts. This new method estimates data present in the
time lag of ocular artifact region. Theoretical analysis is best
matches with experimental laboratory results. The HAAR
wavelet family is suitable for EEG signal decomposition.
Automatic and dynamic segmentation is the key feature of this
method. A particular segment can be analysed and processed
independent of other segments. Present adaptive threshold
method is best suitable for estimation of data within OA time
band.
Keywords: - Adaptive threshold, Independent components
analysis, Ocular artifacts, Automatic segmentation.

INTRODUCTION
Electroencephalogram (EEG) is vital in the clinical diagnosis
and analysis. Scalp potentials due to brain neuron action
potential are recorded using electrodes with signal
conditioning circuit. EEG is rhythmic signal within frequency
band of 1-50 Hz and amplitude of less than 200 µV. Phi
rhythm observed during eye closure in the frequency band of
less than 4 Hz. Eye movement causes ocular artifacts in the
EEG signal. When Ocular artifacts (OA) are present in EEG
signal the amplitude of EEG signal becomes greater than few
100 µV. Principal Component Analysis (PCA) suggested in
[1-2] to remove OA from EEG signal, however the regression
based model (PCA) does not remove artifacts completely
when both waveforms having similar voltage magnitude. Thus
PCA based analysis gives uncorrelated results. The other
interesting method is Independent Component Analysis (ICA)
[3-4] used to remove OA and other artifacts from EEG signal.

In this paper, the method of automatic segmentations and
independent components of EEG signal is discussed. EEG
signal information is estimated in the time band of OA using
novel multilevel decomposed wavelets. Threshold value is
calculated and categorised as global and local threshold value
using two different statistical formulas.

METHODOLOGY
16 channel EEG signals are acquired with OA. The subject is
instructed to blink eye during the time of recording. A
National Instrument (NI) data acquisition card is used to
capture the EEG data in MATLAB with sampling rate of 1024
Hz. Raw EEG data is shown in the figure 1. Dynamic
segmentation is carried out to partition the EEG signal into
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number of independent components. Segments are unequal
length and automatic segmentation is done using the property
of stationary waves, hence, called as dynamic segments. EEG
signal is non-stationary but within segments each IC has
unique stationary properties. Global threshold value (GTV) of
raw EEG is calculated using the property of mean, median and
standard deviation. Out of these threshold values the
numerical maximum selected as GTV.
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Two levels Discrete Wavelet Transform (DWT) of each ICA
is taken using ‘HAAR’ wavelet family. One IC is first
decomposed into four wavelets. Successive DWT is taken of
the decomposed wavelets. Thus, the wavelets are distributed
as 4 wavelets for first decomposition, 16 wavelets for second
decomposition, 64 wavelets for third decomposition, 256
wavelets for fourth decomposition, and 1024 wavelets for fifth
decomposition. This process of nth decomposition is restricted
to size of RAM memory and processing power of central
processing unit. Hence, 3 to 5 decomposition is sufficient to
greater accuracy. n=1 is the normal wavelet based method.
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Figure 1: Raw EEG
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Local Threshold Value (LTV) is calculated using mean,
median and standard deviation of decomposed wavelets.
Numerical maximum out of these selected as LTV. Total
number of LTV is equal to number of wavelets ‘M’. GTV and
LTV are relative to the DWT method as decomposition
progressed, previously calculated LTV treated as GTV in the
next decomposition. Threshold means replacement of the
values in the wavelets greater than LTV with new value ‘ε’. It
is categorised depending on the value of ‘ε’. ε=0, µ, GTV and
spatial called respectively as zero replacement threshold,
mean replacement threshold, maximum level threshold and
co-ordinate to co-ordinate spatial replacement threshold in this
literature. Zero replacement threshold removes all information
where as it is assumed to be the original information lies in
between mean and GTV. Threshold is carried out at highest
(suppose n=5, at 5th decomposition) decomposed wavelets and
after completion of process; Inverse DWT (IDWT) is taken
whenever move to lower decomposition. Spatial threshold is
implemented as progressed to lower decomposed (n=5 to 4, 4
to 3, 3 to 2 and 2 to 1 decomposition) wavelets. At the 1st
decomposition, it is replaced with spatial data which is better
estimation of original data in the artifact zone. Final clean
EEG is obtained by IDWT of first decomposed wavelet,
shown in figure 2.
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Figure 2: clean EEG using WICA

AUTOMATIC DYNAMIC SEGMENTATION
EEG is non-stationary signal which does not possess certain
property of statistics. A stationary signal is significant in the
signal processing due to its predefined statistical property. As
EEG is non-stationary, it is partitioned into number of
segments in which within that segments signal possess
stationary property. These segments are treated as
independent components of EEG signal. Analysis and
processing of EEG segments provides noise filtering, artifacts
removing and many more applications. A segment is valid, if
it satisfies law of statistics for stationary signal. Analysis of
non-stationary segments results into uncorrelated data and loss
of valuable certain information within that segment. Equal
size segments do not hold property of stationary signal [10].
Equal size static segment method is not suitable for EEG
signal processing. Hence, unequal size or dynamic
segmentation is desirable.
Non-stationarity of signal can be quantified on the regular
time lags by measuring statistics of the signal. The signal
within time lag deemed as stationary if there is no
considerable variation in these statistics. Skewness, Kurtosis
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and discriminate are the measure statistical property of time
lag provides information regarding signal. These parameters
are vital in the determination of segments and artifacts present
in the signal. Skewness is a measure of symmetry or, more
precisely, the lack of symmetry of the distribution. A
distribution, or data set, is symmetric if it looks the same to
the left and right of the centre point. The skewness is defined
for a real signal as,

ADAPTIVE THRESHOLD CALCULATION
Wavelet threshold process is used to remove OA present in
the EEG signal. Threshold means replacing current data which
is greater than threshold value with the new value. Threshold
value is calculated as,
𝛾1 =

𝑁
𝜇+𝜎

(4)

𝛾2 = 𝑚𝑎𝑑 ∗ 1.5
(5)
N=100, mad=median absolute deviation of signal
𝛾 = max(𝛾1, 𝛾2)
(6)

(1)

Threshold value is the numerical maximum of𝛾1, 𝛾2.

For a symmetric distribution such as Gaussian, the skewness
is zero. µ=mean, σ=standard deviation.

a.

Kurtosis is a measure of whether the data are peaked or flat
relative to a normal distribution; i.e. data sets with high
kurtosis tend to have a distinct peak near the mean, decline
rather rapidly, and have heavy tails. Data sets with low
kurtosis tend to have a flat top near the mean rather than a
sharp peak. A uniform distribution would be the extreme case.
The kurtosis for a real signal x(n) is defined as,

zero replacement threshold
x[n] = x[n] x[n] <= 𝛾
=0
n=1, 2, 3,.......K (K=maximum row)

b.

mean replacement threshold
x[n]= x[n] x[n] <= 𝛾
=𝜇
n=1, 2, 3,.......K

c.

maximum level threshold
x[n]= x[n] x[n] <= 𝛾
=𝛾
n=1, 2, 3,.......K

d.

co-ordinate to co-ordinate / spatial replacement
threshold
x[n]= x[n] x[n] <= 𝛾
= a[n]
n=1,2,3,.......K
a[n]= IDWT of decomposed wavelets of x[n]
after threshold.

mi  x(n)  E ( x(n)   ) j 

(2)

A second level discriminate d2(m) is then defined as
(m=segment),
(3)
Automatic segmentation with dynamic size is based on the
stationary property of segments that is quantified using
equation 1, 2 and 3. Algorithm for automatic segmentation is
as follows,

Spatial replacement threshold method is used in this research
work except at the highest decomposition level (highest level
n=5). Maximum level threshold is employed only once at
highest level of decomposition.

I: Take channel as counter. Initially select first channel.
II: obtain number of Rows(R) and column (C) of channel.
III: Initialize a variable to store RowStart of each segment.

MULTILEVEL DECOMPOSITION

IV: Take maximum row as counter

OA and EEG data both are present in the same bandwidth and
it is difficult to identify (separate) the useful information
available in the region of artifact. Removing of OA is only
possible by sacrificing useful data or valuable information.
Wavelet multilevel decomposition is versatile that can remove
the OA with estimation of information present in that
particular region. EEG signal is automatically segmented into
number of IC and each IC is analysed and processed
independently. First GTV of current IC is calculated and then
decomposed into four wavelets. This is first level
decomposition n=1 and M=4. LTV of four wavelets are

V: calculate skewness and Kurtosis and calculate difference of
current and old values of skewness and Kurtosis.
VI: if difference is greater than 0.5 then mark the current row
as end of segment and (row +1) as start of new segment. Store
the values of skewness and kurtosis as old segment values.
VII: repeat V to VI to last row.
VIII: store the RowStart to the memory
IX: repeat II to VIII to last channel.
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calculated. Four wavelets are treated as IC and decomposed
into 16 wavelets n=2 and M=16. LTV of 16 wavelets are
calculated. Previously calculated LTV of four wavelets is
GTV at n=2. This process repeats to maximum value of
decomposition, here n=5. Maximum threshold is carried out at
n=5 and then IDWT is taken (a[n]). Spatial threshold is
employed at n=4 and IDWT is taken (a[n] is replaced with
new data). This process repeats for n=3 to 1 in descending
order. Final segment is obtained by IDWT of n=1
decomposed level. This process repeats for all IC and finally
obtained clean EEG signal with estimated data.

1).However, SNR is non-positive value indicating lost of
useful information. WICA method gives non-positive values
of SNR.

RESULTS AND DISCUSSION

Table 3 indicating normalized cross correlation values for 16
channels with 1 to 6 decomposition levels. Cross correlation is
the best statistical parameter for evaluation and comparison of
various methods in signal processing. There is progressive
improvement of cross correlation values as proceed from level
1 to level 6 (min=0.7072, max=0.9823).It can be interpreted
that suitable data is estimated in artifacts zone using suggested
method in this paper.

In order to compensate loss of useful information present new
method is implemented. EEG signal is decomposed and then
using adaptive threshold artifact is removed. Table 2 shows
performance of artifact removing from raw EEG signal with
various decomposition levels. If decomposition level is
greater than 3 then the values of SNR, PSNR and Xcorr are
satisfactory and non-negative. SNR is 1.5402, PSNR is
19.3292 and EEG signal is best correlated with normalised
correlation of 0.799.

The methodology is implemented using MATLAB.
Computation using MATLAB is short time process suitable
for real time. First computation did for selection of suitable
and better wavelet family for the purpose of EEG artifact
removing. EEG decomposition seems to be better ‘HAAR’
wavelet family, due to improved SNR and better higher cross
correlation (Xcorr) as compared to other wavelets (Table

Table 1: Comparison of performance of wavelet families
Haar

Daubechies Symlets Coiflets Biorthogonal Reverse biorthogonal

SNR -1.2434

-1.6444

-1.7816 -2.0477

-1.9508

-1.8845

PSNR 12.9711

14.2909

13.6431 14.6212

14.0078

14.0099

Xcorr 0.7689

0.7629

0.7479 0.7620

0.7608

0.7455

Table 2: Comparison of effect of decomposition level
WICA

n=1

n=2

n=3

n=4

n=5

n=6

SNR -1.2434 -1.2434 -1.103 -0.4349 0.1493 0.9172 1.5402
PSNR 12.9711 12.9711 14.0147 14.8431 16.0018 17.7282 19.3292
Xcorr 0.7689 0.7689 0.7718 0.7643 0.7662 0.7738
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Figure 3: n=1 clean EEG
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Figure 4: n=2 clean EEG
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Figure 5: n=3 clean EEG
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Figure 6: n=4 clean EEG
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Figure 7: n=5 clean EEG
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Figure 8: n=6 clean EEG

Table 3: Normalized Cross correlation
Channel

n=1

n=2

n=3

n=4

n=5

n=6

1

0.7689

0.7718

0.7643

0.7662

0.7738

0.799

2

0.7072

0.7577

0.7643

0.7694

0.7774

0.791

3

0.8563

0.8479

0.8611

0.8723

0.8873

0.897

4

0.8527

0.842

0.8257

0.8199

0.8282

0.838

5

0.815

0.8551

0.8469

0.8562

0.8734

0.878

6

0.962

0.8549

0.8688

0.8836

0.9045

0.919

7

0.8806

0.8673

0.8759

0.8844

0.9037

0.911

8

0.9176

0.854

0.8551

0.8611

0.8701

0.89

9

0.9823

0.8775

0.8837

0.8847

0.8935

0.904

10

0.977

0.8638

0.8769

0.892

0.9105

0.928

11

0.8895

0.9022

0.914

0.9281

0.9442

0.958

12

0.965

0.8812

0.9024

0.92

0.9367

0.947

13

0.9191

0.8797

0.894

0.9071

0.9266

0.943

14

0.8654

0.8591

0.8825

0.9055

0.9242

0.937

15

0.8772

0.8543

0.8746

0.8988

0.9212

0.932

16

0.8929

0.8705

0.8931

0.9136

0.9401

0.949
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CONCLUSION
Results obtained using present methods are more satisfactory
as compare to earlier method. The HAAR wavelet family is
suitable for EEG signal decomposition. As decomposition
levels are increased the results become most accurate and
precise. Ocular artifacts are completely removed and
successfully estimated original data in OA time band.
Automatic and dynamic segmentation is the key feature of this
method. A particular segment can be analysed and processed
independent of other segments. Present adaptive threshold
method is best suitable for estimation of data within OA time
band.

REFERENCES
[1]

Jung TP, Makeig S, Westerfield M, Townsend J,
Courchesne E , Sejnowski TJ. Removal of eye activity
artifacts from visual event-related potentials in normal
and clinical subjects. Clin Neurophysiology 2000;
111:1745–58.
[2] Lagerlund TD, Sharbrough FW, Busacker NE. Spatial
filtering of multichannel electroencephalographic
recordings through principal component analysis by
singular
value
decomposition.
Clinical
Neurophysiology, 1997.
[3] Comon P, Independent component analysis, a new
concept? .Signal processing 1994; 36: 287–14.
[4] Makeig S, Bell AJ, Jung TP, Sejnowski TJ. Independent
Component Analysis of Electroencephalographic Data.
Advance in Neural Information processing Systems 8,
MIT press, Cambridge MA 1996; 145–51.
[5] Delorme A, Makeig S, Sejnowski T. Automatic artifact
rejection for EEG data using high-order statistics and
independent component analysis . Proceedings of the
Third International ICA Conference 2001; 9-12.
[6] Ramanan SV, Kalpakam NV, Sahambi JS. A Novel
Wavelet Based Technique for Detection and De-noising
of Ocular Artifact in Normal and Epileptic
Electroencephalogram. International Conference of
IEEE Volume 2, June 2004; 27-9 J.
[7] Krishnaveni V, Jayaraman S , Aravind S,
Hariharasudhan
V,
Ramadoss
K.
Automatic
Identification and Removal of Ocular Artifacts from
EEG using Wavelet Transform. Measurement Science
Review, Volume 6, 2006; vol. 6, section 2 number 4.
[8] Mahajan R, Morshed BI. Sample Entropy Enhancement
Wavelet-ICA denoising Technique for Eye Blink
Artifact Removal from EEG Dataset. 6th Annual
International IEEE EMBS Conference on Neural
Engineering San Diego, California, November, 2013.
[9] Majmudar CA, Mahajan R, Morshed BI. Real Time
Hybrid Ocular Artifact Detection and Removal for
Single Channel EEG.IEEE, May 2015; 978-1-47998802-0/15.
[10] Sanei S, Chambers JA.EEG SIGNAL PROCESSING,
John Wiley & Sons Ltd, ISBN-13 978-0-470-02581-9.

2892

