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Abstract—Brain activities commonly recorded using the elec-
troencephalogram (EEG) are contaminated with ocular artifacts.
These activities can be suppressed using a robust independent
component analysis (ICA) tool, but its efficiency relies on man-
ual intervention to accurately identify the independent artifac-
tual components. In this paper, we present a new unsupervised,
robust, and computationally fast statistical algorithm that uses
modified multiscale sample entropy (mMSE) and Kurtosis to au-
tomatically identify the independent eye blink artifactual compo-
nents, and subsequently denoise these components using biorthog-
onal wavelet decomposition. A 95% two-sided confidence interval
of the mean is used to determine the threshold for Kurtosis and
mMSE to identify the blink related components in the ICA decom-
posed data. The algorithm preserves the persistent neural activity
in the independent components and removes only the artifactual
activity. Results have shown improved performance in the recon-
structed EEG signals using the proposed unsupervised algorithm
in terms of mutual information, correlation coefficient, and spec-
tral coherence in comparison with conventional zeroing-ICA and
wavelet enhanced ICA artifact removal techniques. The algorithm
achieves an average sensitivity of 90% and an average specificity
of 98%, with average execution time for the datasets (N = 7)
of 0.06 s (SD = 0.021) compared to the conventional wICA re-
quiring 0.1078 s (SD = 0.004). The proposed algorithm neither
requires manual identification for artifactual components nor ad-
ditional electrooculographic channel. The algorithm was tested for
12 channels, but might be useful for dense EEG systems.

Index Terms—Artifact removal, biorthogonal wavelet, elec-
troencephalogram (EEG), independent component analysis (ICA),
kurtosis, modified multiscale sample entropy (mMSE).

I. INTRODUCTION

N EURONAL activities along the cortex can be recorded
noninvasively using scalp electroencephalogram (EEG).

EEG recordings can be related to certain mental states, audio-
visual cues, attention, cognitive loads, and various disorders.
This is of recent interest to monitor patients in practical set-
tings with complex neurological disorders including epilepsy,
attention deficit hyperactivity disorder (ADHD), autism spec-
trum disorder, posttraumatic stress disorder, and Alzheimer’s
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disease. In the practical settings, EEG recordings are often af-
fected by the extrinsic artifacts due to power line interferences
and intrinsic physiological artifacts due to ocular activities (eye
blink, saccades, and fixations), muscle activity, and cardiac ac-
tivity. Power line interferences can be filtered by using high Q
notch filter. The subject may also be asked to avoid the exces-
sive movements to reduce muscle related artifacts. However, it
is challenging for the subjects to avoid their ocular activities.
Specifically, eye blinks are the common biological phenomenon
with average blink duration between 100–400 milliseconds. It
is very crucial therefore to remove the blink related activities as
these high amplitude signals (can reach up to 800 μV) might
mislead the analysis [1]. One of the common practices to re-
move ocular artifacts is to use regression-based methods [2].
But, these methods need the recordings of the electrooculo-
graphic channel (EOG) [3]. It is also difficult to design an opti-
mal regression model suitable for all types of artifacts. Another
conventional method to remove the eye blinks is using the lin-
ear filters with the cut-off frequency with respect to artifact
range [4]. However, the time-domain or frequency domain fil-
tering can give substantial loss of the cerebral activity because
of spectral overlap between neurological and artifactual events
[5]. There is also consensus among researchers for using sta-
tistical techniques like independent component analysis (ICA)
[6], principal component analysis (PCA) [7], multiresolution
denoising [8]–[10], and wavelet with higher order statistics [11]
for artifact correction. Among these methods, ICA is perceived
to be a very robust method for ocular artifact removal, but its
procedure requires manually identifying the artifactual indepen-
dent components. Though Kurtosis, data improbability, linear
trends, and spectral temporal maps [12] are proposed for com-
ponent identification, most of these methods either need the
recording of an additional EOG signal for reference or expertise
intervention to mark the noisy components, hence making it a
time consuming and arduous process.

Higher order statistics such as modified multiscale sample
entropy (mMSE) along with Kurtosis to identify the eye blink
distributions in EEG has been mostly unexplored. This study
indicates that mMSE is a strong identifier of the blink related
artifactual components, and incorporation of Kurtosis further
strengthens the identification accuracy. Following up our pre-
vious study [13], this paper proposes an unsupervised fully au-
tomatic statistical threshold based eye blink artifact removal
method using mMSE and Kurtosis to identify the artifactual
blink components and multiresolution wavelet analysis to de-
noise these components. The algorithm thresholds only the
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wavelet coefficients corresponding to the artifactual activity to
zero in the wavelet decomposition, retaining the neural activi-
ties persistent in the blink ICs intact, while suppressing the blink
activities. The following sections present this proposed method
with pilot data for comparative evaluation.

II. ICA, MMSE, AND KURTOSIS

This section describes the extended-infomax ICA decompo-
sition method to obtain the statistically independent components
(IC) and the markers for recognizing the artifactual ICs.

A. ICA for IC decomposition

ICA is the widely accepted tool for decomposing the multi-
variate EEG data into its statistical independent, nonGaussian
components. The ICA models are applied for EEG analysis with
underlying plausible assumptions:

1) The cerebral and artifactual sources are linearly mixed
and are statistically independent.

2) The number of observed signals, S, are greater than or
equal to the number of ICs, u.

3) Propagation delays through the mixing medium (i.e.,
brain, scalp etc.) are negligible.

The linear ICA model for the observed EEG sources S is
expressed mathematically as

X = A × S (1)

where X is the linear mixture of sources, A is the unknown
mixing matrix [14]–[16]. In this study, we have used extended-
Infomax ICA algorithm to calculate the unmixing matrix, W so
that the components, u are as independent as possible and we
get the best approximation of S as

u = W × X ≈ S; W = A−1 . (2)

The extended-infomax ICA method, an extension of the Info-
max decomposition [17] separates the sub-Gaussian and super-
Gaussian distribution of the sources by minimizing the mutual
information between the components and maximizing their joint
entropy. The Infomax algorithm in this paper is implemented
using the runica function of the EEGLAB toolbox (MATLAB,
CA, US) with its default settings.

B. mMSE as an Artifact Marker

The concept of using entropy in terms of wavelet entropy,
Shannon’s entropy, Renyi’s entropy, and sample entropy has
been already found useful in identifying the artifact related ICs
[18]. Recently, it has been revealed by Bosl et al. that MSE
gives much more information about the regularity of the EEG
time-series than the aforementioned entropies of the single scale
[19]. Thus, this study explores the use of mMSE to identify eye
blinks in EEG recordings.

The intuition that mMSE can identify the artifact related com-
ponents lies in the fact that the eye-blinks are concentrated in
the small temporal intervals with high probabilities and low en-
tropy. In other words, the expected value of mMSE for the blink
related component is low because its pattern is more regular and

predictable in comparison with neural activity. So, mMSE could
be a good statistical measure to recognize ocular activities.

In this paper, mMSE is implemented by first coarse graining
each IC for multiple scales and then computing the sample
entropy for each scale. As the EEG recordings used in this
study have 10 000 data points, we have used a fixed scale factor,
τ = 20, as the minimum length of the grained series, which
in this case will contain 500 data points is sufficient for the
information we seek. The coarse graining of each IC of the
EEG data is computed by averaging the successive data points
of the series in nonoverlapping window as

y
(τ )
j =

1
τ

jτ∑

i=(j−1)τ +1

ui ; 1 ≤ j ≤ N/τ (3)

y
(τ )
j represents the coarse grained series, τ is scale factor, u

represents the IC time-series, and N is the total data points in
the original series [20]. The length of each coarse-grained series
is limited to N/τ .

The MSE for each grained series y
(20)
j is then computed using

(4) as explained in [21]:

mMSE(m, r) = log
(

Br
m

Ar
m

)
(4)

where maximum length of epochs for matching templates,
m = 2 and tolerance, r = 0.2 × SD; SD is the standard de-
viation of the data vectors. B and A are the counters to track
the m and (m + 1) template matches within the tolerance value
r, respectively. As the entropy for the blink related artifacts is
expected to be low, we can use the mMSE to detect the artifact
related components with low entropy values. The threshold for
the automatic identification algorithm to find the noisy compo-
nents is explained in the Section III.

C. Kurtosis as an Artifact Marker

Kurtosis is the fourth-order cumulant to measure the peaked
distributions of the random variables and is mathematically
computed using the following equations:

k = m4 − 3m2
2 (5)

mn = E {(x − m1)n} (6)

where mn , m1 , and E are the nth order central moment of
the variable, mean, and the expectation function, respectively
[16]. In the practical settings of continuous EEG recordings,
the components with cardiac and eye blink activities have typ-
ically peak distributions with highly positive Kurtosis, whereas
noise induced by line currents and loose electrode connections
have flat distribution with negative Kurtosis [12]. So, measur-
ing Kurtosis of the ICA decomposed EEG data, we can find
the components related to eye blink activities. In this paper,
an inbuilt MATLAB function kurtosis is used to compute the
Kurtosis for each IC.

III. PROPOSED UNSUPERVISED AUTOMATIC ALGORITHM

This section describes the data acquisition protocol, a fully
automatic algorithm to identify the artifacts, and the denoising
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Fig. 1. Block diagram of the proposed eye blink artifact removing algorithm [K∗ is calculated using (9) as discussed in the Section III].

procedure to remove the artifact related components. The block
diagram of the proposed algorithm is given in Fig. 1.

A. Data Acquisition

A wireless 14-channel referential montage EPOC headset
(Emotiv, Eveleigh, NSW, Australia) is used to continuously
record the brain activities from the subjects at the sampling rate
of 128 sps. The headset has bandwidth of 0.2–45 Hz and digital
notch filters to ensure elimination of power line interferences.
Data is collected from four subjects (two males and two females)
based on the International 10–20 electrode locations at AF3,
AF4, F3, F4, F7, F8, FC5, FC6, P7, P8, T7, T8, O1, and O2. The
data acquisition has been conducted in an enclosed room with
dim light for 1 min 45 s. As per the protocol, at the beginning of
the recording session, the subject is asked to close the eyes for
30 s, then open the eyes and blink nine times with a 5-s hiatus. At
the end of the session, the subject is again instructed to close eyes
for 30 s. The experiment is repeated twice with all the subjects
except one subject, resulting in seven datasets to evaluate the
proposed blink artifact removal algorithm. The EEG recordings
from the subjects in this paper are labeled as Dataset X (where
X = 1 . . . 7). Because of poor recording quality in FC5 and
FC6 channels from Subject 1 (due to loose electrode contacts),
these channels were discarded. For uniform analysis, only the
best 12-channel recordings were selected from all datasets (dis-
carded channels: Subject 2: T8, F4; Subject 3: F7, T7; and
Subject 4: P7, P8). Discarding poor recordings is not expected
to alter performance comparison.

B. Procedure for Identifying the Artifactual ICs

In the proposed algorithm, after ICA decomposition of the
EEG data, mMSE is computed for all the ICs. As blink artifacts
are notable outlier data representing the typical transient events,
they can be detected using thresholds after normalized distribu-
tion (Mean = 0 and Standard Deviation, SD = 1) of the data
[22]. In the current study, the sample size of the ICs (N = 12)
is small, so instead of classical threshold with 95% confidence
interval (CI) for normalized Z-distribution, we have used two-
sided 95% CI of the mean for Student’s t-distribution to detect
the blink artifact ICs. As explained previously, the expected
value of mMSE for the blink related artifactual IC is less in
comparison with neural activity related IC thus, the proposed
fully automatic algorithm uses the lower limit of the 95% CI
of the mean for thresholding the IC based on the mMSE. All
the ICs with their entropy values higher than the threshold are

expected to be belonging to the cerebral signal; while other ICs
are marked for wavelet correction. The lower limit of 95% CI
of the mean is calculated as

Lower limit = x̄ − s√
N

× tN −1 (7)

where x̄ is the sample mean, s is the sample standard deviation,
and (N-1) is the degrees of freedom. At 95% significance level,
α = 0.05 and tn−1 = 2.201 for two-tailed test with 11 degrees
of freedom.

To enhance the efficacy of the algorithm, Kurtosis is also
used to determine eye blink activity distributions in the IC signal.
Kurtosis is zero for Gaussian distribution, positive for the peaked
activities (which mimics eye blink signal) and negative for the
flat distributions. So, in this study, the upper bound of the 95%
CI of the mean [calculated using (8)] is used as the threshold.

Upper limit = x̄ +
s√
N

× tN −1 . (8)

All the ICs having Kurtosis higher than the upper limit of CI
are supposed to be blink artifacts and are marked for denoising.
The calculated statistics: mean, standard deviation (SD), and
standard error of the mean (SEM) for all the datasets with their
95% CI of the mean threshold are tabulated in Table I. Thresh-
olds for the mMSE (0.890) and Kurtosis (29.76) for the Dataset
1 are marked with the dotted lines in the Fig. 2. All the compo-
nents falling below the threshold for mMSE and above threshold
for Kurtosis are marked as eye blink artifact components and
are further processed for wavelet denoising. Similarly, on the
basis of the thresholds computed in the Table I, the components
selected for denoising are marked with the sign + in the Fig. 3.

Most of the blink artifact ICs are identified itself by the mMSE
but the fourth-order cumulant Kurtosis offers an additional ad-
vantage to the detection method by finding the super Gaussian
and subGaussian artifact distribution in the ICs.

C. Procedure for Denoising the Artifactual ICs

Once the artifactual ICs are identified, they are processed
for artifact suppression. It has been propounded by Castellanos
et al. [23] that the ICs with artifactual activities should not be
simply replaced with zero as they might have the leaked neural
signal in it and discarding the entire component will lead to
loss of meaningful data. So, in the proposed method, instead
of replacing the entire component with zero, we denoise only
the contaminated components with biorthogonal wavelets. It
differs from this conventional wavelet enhanced ICA (wICA)
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TABLE I
COMPUTED STATISTICS FOR THE 12 ICS OF EACH EEG DATASET

Dataset Statistical Measures mMSE Kurtosis

1 SD 0.534 19.99
Mean 1.229 17.06
SEM 0.154 5.771

Threshold (95% CI) 0.890 29.76
2 SD 0.562 7.034

Mean 1.549 7.361
SEM 0.162 2.031

Threshold (95% CI) 1.191 11.83
3 SD 0.408 13.55

Mean 0.987 14.47
SEM 0.118 3.910

Threshold (95% CI) 0.728 23.08
4 SD 0.405 17.41

Mean 1.069 16.92
SEM 0.117 5.025

Threshold (95% CI) 0.812 27.98
5 SD 0.427 10.49

Mean 1.379 10.54
SEM 0.123 3.028

Threshold (95% CI) 1.108 17.20
6 SD 0.430 18.31

Mean 1.342 11.52
SEM 0.124 5.286

Threshold (95% CI) 1.069 23.16
7 SD 0.221 13.43

Mean 1.409 11.03
SEM 0.064 3.878

Threshold (95% CI) 1.269 19.56

Threshold (in bold) mentioned for the mMSE and Kurtosis is the lower bound value and
upper bound value of 95% CI for the mean, respectively. The two- tailed t critical for α =
0.05 with 11 degrees of freedom is 2.201.

Fig. 2. Kurtosis and mMSE plots with respect to 12 ICs for the Dataset 1.
Dotted Line is on the threshold calculated by 95% CI for the mean for both
markers. Components 5, 6, 7, and 10 are marked as blink related artifact ICs.

Fig. 3. Kurtosis and mMSE plots with respect to 12 ICs for Dataset 2 to 7.
ICs identified as artifacts are marked with + in each plot.

analysis method as wavelet correction is not done unnecessarily
on all the ICs. The components which are identified as artifacts
are only decomposed with wavelet transform which saves the
computation time and complexity. Discrete wavelet transform
(DWT), a fast, nonredundant transform performs better on the
already digitally sampled data (with finite duration) in contrast
with Continuous Wavelet Transform [24], [25], so in this study
multiresolution based DWT decomposition is employed. Occur-
rence of blink artifact in the IC is significantly detected at fourth-
level of decomposition with Biorthogonal mother wavelet bior
4.4 (MATLAB function) [26]. The step-wise attenuation proce-
dure is given below:

1) Evaluate the DWT decomposition of the identified eye
blink artifact IC.

2) If the wavelet coefficient exceeds the value K [calculated
using (9)], threshold them to zero:

K =
√

2logN σ (9)

where

σ2 = median (|W (j, k)|/0.6745) (10)

estimates the magnitude of the neuronal wide band signal
with constant 0.6745 accounting for the Gaussian noise,
|W(j, k)| is the absolute value of the wavelet coefficients
and N is the length of the data to be processed. (The
threshold for wavelet denoising used above is robust and
gives good performance with ocular artifacts as discussed
in [23] and explained in [27]–[30]).

3) Compute the Inverse Discrete Wavelet Transform (IDWT)
of the thresholded coefficients and recompose the compo-
nents with neuronal activity only.
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Fig. 4. Raw 12-channel EEG data from the Dataset 1. X-axis is time in seconds
and Y-axis is amplitude in microvolts.

4) Reconstruct the blink artifact free 12-channel EEG signal
by multiplying scalp projections (W−1 , obtained from the
ICA decomposition) with the inverse transformed wavelet
coefficients.

The algorithm has been realized in MATLAB (MathWorks,
CA, US). The algorithm being fully automatic does not require
any manual visual inspection for the detection and suppression
of the artifacts.

IV. RESULTS

The 12-channel preprocessed EEG signals of the Dataset 1
for 78 s duration is plotted using MATLAB in Fig. 4. The
eye blinks can be conspicuously seen in the prefrontal cortex
region AF3, F7, F3, F4, F8, and AF4. This was also verified
with the spectral and temporal plots in EEGLAB software (not
included in the paper due to space constraint). After the ICA
decomposition of the data, 12 ICs are obtained as plotted in the
Fig. 5. The proposed algorithm is applied to all the ICs, then
using the markers: mMSE and Kurtosis, the eye blink related ICs
are identified and suppressed using the Wavelet transformation.
The blink artifact clean EEG data of the same dataset is plotted
in Fig. 6. It can be observed in Fig. 6 that the blink related
amplitude for frontal lobe electrode locations is significantly
attenuated in contrast to Fig. 4.

For comparison with the proposed technique, the ICs obtained
from the ICA decomposition are also visually classified as the
eye blink artifact ICs and other ICs based on their the scalp
map projection, component activity and the power spectrum
plots in EEGLAB. The spectral and temporal properties of the
components are evaluated as per the guidelines in EEGLAB
tutorial [31]. A comparison plot of the proposed method with
Zeroing- ICA method is shown in Fig. 7 for a section of EEG
data from Dataset 1 AF3 location. It is evident from the plot that
manual zeroing-ICA corrected data is deviated more from the

Fig. 5. IC plots of the ICA decomposed EEG data of Dataset 1. ICs 5, 6, 7,
and 10 exhibits the properties of eye blink artifactual components.

Fig. 6. 12-channel eye blink artifact-free EEG data using the proposed al-
gorithm from Dataset 1. X-axis is time in seconds and Y-axis is amplitude in
microvolts.

raw signal than the proposed method. The performance of the
unsupervised proposed algorithm is also statistically analyzed
by calculating True Positive (IC marked for rejection both by
the algorithm and visual inspection check), False Positive (IC
marked by the algorithm but not with the visual inspection),
True Negative (IC marked neither by the algorithm nor with the
visual inspection), and False Negative (IC not marked with the
algorithm but with the visual inspection). The total count for
each parameter for all the datasets is tabulated in Table II.

Average sensitivity and average specificity for the datasets
are calculated with equations given below:

Sensitivity =
TP

TP + FN
× 100% (11)
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Fig. 7. Comparison of a section of the processed EEG data (AF3 frontal
electrode location of Dataset 1) using the proposed method and the zeroing-
ICA artifact removal method.

TABLE II
PERFORMANCE EVALUATION OF THE PROPOSED ALGORITHM FOR THE GIVEN

DATASETS

True Positive (TP): 27 False Positive (FP): 1(Type I error)

False Negative (FN): 3 (Type II error) True Negative (TN): 53

Average Sensitivity: 90% Average Specificity: 98%

Specificity =
TN

TN + FP
×100% . (12)

As mentioned in [32], we also calculated the agreement rate
between the proposed method and the standard visual inspection
check technique using (13):

Agreement Rate =
TP + TN

TP + TN + FP + FN
. (13)

The concordance between the automatic identification pro-
cess and the visual identification process is found to be 95.2%.

The performance of the discussed method is also evaluated
using the statistical metrics—correlation coefficient and mutual
information over the conventional methods: zeroing ICA and
wICA. Correlation coefficient determines the correlation be-
tween the reconstructed artifact free EEG data and the raw EEG
data; more positive is the coefficient value, stronger is the corre-
lation [33]. We have used an inbuilt MATLAB function corrcoef
to compute this parameter. As suggested in [34], we have also
calculated mutual information (a nonparametric measure of rel-
evance between the two random variables) to find how much in-
formation artifact free EEG signal “a” shares with the raw EEG
signal “b”. Mathematically, it is found using Kullback–Leibler
divergence between the probability distribution functions as

MI =
∫ ∞

∞

∫ ∞

∞
f(a, b) log

f(a, b)
f(a)f(b)

dadb (14)

TABLE III
COMPARISON WITH CONVENTIONAL METHODS

Metric Electrode location Proposed Method Zeroing ICA wICA

Correlation Coefficient AF3 0.5613 0.3394 0.4570
F7 0.6372 0.4448 0.4480
F3 0.7665 0.5016 0.5713

FC5 0.8010 0.5299 0.5633
T7 0.7543 0.5325 0.5397
P7 0.9701 0.7996 0.6964
O1 0.9161 0.7648 0.7123
O2 0.9281 0.7598 0.7046
P8 0.8898 0.7020 0.7027
T8 0.8543 0.7512 0.6289

FC6 0.7571 0.5011 0.5274
F4 0.7808 0.6250 0.6069
F8 0.6476 0.4624 0.5129

AF4 0.6154 0.3602 0.4731

Mutual Information AF3 0.9058 0.1978 0.3878
F7 0.9068 0.3458 0.3187
F3 1.1162 0.4128 0.4142

FC5 1.0926 0.3453 0.3410
T7 1.2780 0.5675 0.4007
P7 1.6578 1.1367 0.5364
O1 1.5458 0.9426 0.5494
O2 1.5297 0.8583 0.4893
P8 1.5792 1.0185 0.5689
T8 1.4447 0.8615 0.4731

FC6 1.0245 0.2397 0.3080
F4 1.1763 0.5308 0.3839
F8 1.0354 0.3805 0.3907

AF4 0.9345 0.2123 0.3595

The metrics tabulated in the table are the average values for the electrode locations
across all 7 datasets. Note that each dataset consist of only best 12- channel EEG
recordings out of 14-channel EPOC EEG recordings.

where f(a, b) is the joint pdf and f(a) and f(b) are the
marginal pdfs. If the mutual information1 is larger, the re-
semblance of the reconstructed artifact free signal with the
raw signal is closer. The average respective values of corre-
lation coefficient (0.7771/0.5767/0.5817) and mutual informa-
tion (1.231/0.5750/0.4230) for all the datasets, enumerated in
Table III, demonstrate improved performance of the proposed
method over conventional methods. In addition to statistical
analysis, execution time of the proposed artifact removal tech-
nique is also compared with the standard wavelet ICA and is
plotted in Fig. 8. The figure depicts that denoising only required
artifact related components (as proposed in this study) signifi-
cantly reduces mean execution time from 0.1078 s (SD = 0.004)
to 0.060 s (SD = 0.021) in contrast to the conventional wICA
technique. It is to be noted that the execution time for the
zeroing-ICA method depends upon the how quickly and ac-
curately an expert mark the noisy ICs for denoising.

In order to further analyze over frequency domain, magnitude
squared spectral coherence measure between reconstructed arti-
fact free data and the raw EEG data is computed (AF3 electrode
location of Dataset 1) for all three methods and is plotted in
Fig. 9 for comparison. Magnitude squared spectral coherence
estimate between 0 and 1 indicates how well the two-signals,
x and y, corresponds at various frequencies. It is a function of

1We have used open source MATLAB function minfo.m developed by
Dr. Jason Palmer; [Online]. Available at: http://sccn.ucsd.edu/∼jason/minfo.m.
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Fig. 8. Time elapsed (in seconds) for the execution of proposed method and
conventional wICA artifact removal method for all datasets.

Fig. 9. Magnitude squared coherence measure plot for Dataset 1 (AF3 loca-
tion) with the proposed method and other conventional techniques.

power spectral density of two signals (x: Raw EEG data, and
y: Reconstructed artifact-free EEG data) and is mathematically
computed as

Cxy(f) = Px y (f )2

Px x (f )Py y (f )
(15)

where Pxy(f) is the cross power spectral densities of signal,
Pxx(f) is power spectral density of raw EEG signal, and Pyy(f)
is power spectral density of artifact-free EEG signal. Power
spectral densities are calculated over FFT length of 256 with
50% overlapped Hamming window using MATLAB mscohere
function. Fig. 9 shows that the coherence between signals is
strongest for frequencies above 10 Hz with the proposed method
in comparison to other methods.

V. DISCUSSION

We envision that wearable ambulatory EEG systems in fu-
ture will be minimalistic and pervasive beyond clinical settings.
There is copious research on artifact removal in higher den-
sity EEG systems [1], [12], [18], [34]; the challenge still lies
when we have small number of channels. This study explores

a fully automatic and computationally fast algorithm to remove
eye-blink artifacts from an EEG system with few channels.

Extended-Infomax ICA decomposition employed in this
study is used for 12 channels, but is effective on large num-
ber of EEG channels as well [35], [36]. Eye blinks are typically
found to dominate 2–3 channels in high-dimension EEG data,
so we speculate that our method can be used for dense EEG sys-
tems; however, it needs to be experimentally tested. It should
be noted that for EEG systems, the quality of ICA relies on
preprocessing (e.g., dimensional reduction in dense EEG) and
sufficient number of time points used for decomposition [37].

For identification of eye blink artifact related ICs, we have
used two-pronged approach by using two conservative thresh-
olds so as to minimize type I and type II error. The first threshold:
lower limit of 95% CI of mean for mMSE identify ICs on the
basis of data regularity, while the second threshold: upper limit
of 95% CI of mean for Kurtosis detect ICs on the basis of their
shape of probability distribution. For the given datasets, 95%
CI threshold limits were found to be the most robust limits in
order to identify blink ICs in comparison with 90% CI and 98%
CI limits. As a result, with the given thresholds, we expect least
type 1 and type II error. However, to account for peculiarities of
other artifacts (e.g., muscle movement, cardiac activities), the
algorithm can be modified to different threshold strategies.

This study employs mMSE for a typical artifactual activity,
i.e., eye-blink detection as it provides information regarding the
regularity of EEG data, however it might be useful for identify-
ing rhythmic cardiac activities in EEG.

For wavelet decomposition, we also compared biorthog-
onal wavelet with fast, orthogonal Haar wavelet which
resulted in better overall reconstruction [correlation co-
efficient (0.8223/0.6573/0.6737) and mutual information
(1.609/0.7670/0.7910)]. However, biorthogonal wavelet has
shown much better reconstruction specifically over the blink-
ing zone (see Fig. 7).

VI. CONCLUSIONS

This paper presents a new unsupervised, fast algorithm for
fully automatic identification and suppression of the eye blink
related ICs by using mMSE and Kurtosis as markers and wavelet
decomposition as denoising tool. mMSE fetches the regularity
information from the ICs over multiple temporal scales and can
efficiently identify the ICs with eye blink characteristics. Kurto-
sis enhances the performance by identifying the ICs with super-
Gaussian ‘peaked’ probability distributions, which imitates the
eye blink distributions. Using lower and upper bounds of 95%
CI for the mean as threshold, the blink related artifactual ICs
identified (jointly by the markers) are then denoised using DWT
with Biorthogonal wavelet as the basis function. The statisti-
cal metrics: Sensitivity (90%), Specificity (98%) demonstrates
that the proposed method can denoise the eye blink artifacts ef-
fectively. The method offers the advantage of neither requiring
manual intervention for IC identification nor additional EOG
channel for reference. The results in terms of mutual informa-
tion, correlation coefficient, and spectral coherence also show
better EEG signal reconstruction (with neural activity related
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ICs intact) over the commonly used zeroing-ICA and wICA
methods. The algorithm discussed in this paper is intended for
eye blink correction, but can be applied to other ocular artifacts,
i.e., saccades and fixations and even cardiac artifacts with minor
modifications in thresholds. To confirm our hypothesis that our
method will work in higher dimensions, we need to apply our
method to a higher dimension EEG system.

ACKNOWLEDGMENT

The authors are grateful to Dr. J. Jennings (Department of
Biomedical Engineering, University of Memphis) for providing
assistance in statistical interpretation of the results. The authors
would like to thank the anonymous reviewers and editors for
their valuable comments, suggestions, and insights to improve
the quality of this manuscript.

REFERENCES

[1] D. Hagemann and E. Naumann, “The effects of ocular artifacts on (lat-
eralized) broadband power in the EEG,” Clin. Neurophysiol., vol. 112,
no. 2, pp. 215–231, 2001.

[2] 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,” Biol. Psychol., vol. 16, pp. 127–147, 1983.

[3] M. T. Akhtar, W. Mitsuhashi, and C. J. James, “Employing spatially
constrained ICA and wavelet denoising, for automatic removal of artifacts
from multichannel EEG data,” Signal Process., vol. 92, no. 2, pp. 401–416,
2012.

[4] J. Gotman, D. R. Skuce, C. J. Thompson, P. Gloor, J. R. Ives, and
F. W. Ray, “Clinical applications of spectral analysis and extraction of
features from electroencephalograms with slow waves in adult patients,”
Electroencephalogr. Clin. Neurophysiol., vol. 35, pp. 225–35, 1973.

[5] N. A. de Beer, M. van de Velde, and P. J. Cluitmans, “Clinical evaluation
of a method for automatic detection and removal of artifacts in auditory
evoked potential monitoring,” J. Clin. Monit., vol. 11, pp. 381–91, 1995.

[6] T. P Jung, S. Makeig, M. Westerfield, J. Townsend, E. Courchesne, and
T. J. Sejnowski, “Analysis and visualization of single-trial event-related
potentials,” Hum. Brain Mapp, vol. 14, pp. 166–85, 2001.

[7] T. D. Lagerlund, F. W. Sharbrough, and N. E. Busacker, “Spatial filtering of
multichannel electroencephalographic recordings through principal com-
ponent analysis by singular value decomposition,” J. Clin. Neurophysiol.,
vol. 14, pp. 73–82, 1997.

[8] S. V. Ramanan, N. V. Kalpakam, and J. S. Sahambi, “A novel wavelet
based technique for detection and de-noising of ocular artifact in normal
and epileptic electroencephalogram,” in Proc. Int. Conf. Commun. Circuits
Syst., 2004, vol. 2, pp. 1027–31.

[9] V. Krishnaveni, S. Jayaraman, S. Aravind, V. Hariharasudhan, and
K. Ramadoss, “Automatic identification and removal of ocular artifacts
from EEG using wavelet transform,” Meas. Sci. Rev., vol. 6, no. 4,
pp. 45–57, 2006.

[10] P. S. Kumar, R. Arumuganathan, K. Sivakumar, and C. Vimal, “Removal
of ocular artifacts in the EEG through wavelet transform without using an
EOG reference channel,” Int. J. Open Problems Comput. Math., vol. 1,
no. 3, pp. 188–200, 2008.

[11] G. Hosna and A. Erfanian, “A fully automatic ocular artifact suppression
from EEG data using higher order statistics: Improved performance by
wavelet analysis,” Med. Eng. Phys., vol. 32, no. 7, pp. 720–729, 2010.

[12] A. Delorme, T. Sejnowski, and S. Makeig, “Enhanced detection of artifacts
in EEG data using higher-order statistics and independent component
analysis,” Neuroimage, vol. 34, no. 4, pp. 1443–1449, 2007.

[13] R. Mahajan and B. I. Morshed, “Sample entropy enhanced wavelet-
ICA denoising technique for eye blink artifact removal from scalp
EEG dataset,” in Proc. 6th Int. IEEE/EMBS Conf. Neural Eng., 2013,
pp. 1394–1397.

[14] D. B Keith, C. C. Hoge, R. M. Frank, and A. D. Malony, “Parallel ICA
methods for EEG neuroimaging,” in Proc. 20th Int. Parallel Distrib. Pro-
cess. Symp., 2006, pp. 25–29.

[15] E. Kroupi, A. Yazdani, J. M. Vesin, and T. Ebrahimi, “Ocular artifact
removal from EEG: A comparison of subspace projection and adaptive

filtering methods,” in Proc. 19th Eur. Signal Process. Conf., Barcelona,
Spain, 2011, pp. 1355–1359.

[16] A. Hyvarinen and E. Oja, “Independent component analysis: Algorithms
and applications,” Neural Netw., vol. 13, no. 4–5, pp. 411–430, 2000.

[17] A. J. Bell and T. J. Sejnowski, “An information maximization approach
to blind separation and blind deconvolution,” Neural Comput., vol. 7,
pp. 1129–1159, 1995.

[18] A. Greco, N. Mammone, F. C. Morabito, and M. Versaci, “Semi-automatic
artifact rejection procedure based on Kurtosis, Renyi’s entropy and inde-
pendent component scalp maps,” in Proc. Int. Enformatika Conf., 2005,
pp. 22–26.

[19] W. Bosl, A. Tierney, H. T. Flusberg, and C. Nelson, “EEG complexity as
a biomarker for autism spectrum disorder risk,” BMC Med., vol. 9, no. 1,
pp. 1–16, 2011.

[20] M. Costa, A. L Goldberger, and C. K. Peng, “Multiscale entropy analysis
of biological signals,” Phys. Rev. E, vol. 71, no. 2, p. 021906, 2005.

[21] H. B. Xie, W. X. He, and H. Liu, “Measuring time series regularity us-
ing nonlinear similarity-based sample entropy,” Phys. Lett. A, vol. 372,
no. 48, pp. 7140–7146, 2008.

[22] G. Barbati, C. Porcaro, F. Zappasodi, P. M. Rossini, and F. Tecchio, “Op-
timization of an independent component analysis approach for artifact
identification and removal in magnetoencephalographic signals,” Clin.
Neurophysiol., vol. 115, no. 5, pp. 1220–1232, 2004.

[23] N. P. Castellanos and V. A. Makarov, “Recovering EEG brain signals: arti-
fact suppression with wavelet enhanced independent component analysis,”
J. Neurosci. Methods, vol. 158, pp. 300–312, 2006.

[24] V. J. Samar, A. Bopardikar, R. Rao, and K. Swartz, “Wavelet analy-
sis of neuroelectric waveforms: A conceptual tutorial,” Brain Language,
vol. 66, pp. 7–60, 1999.

[25] H. T. Gorji, H. Taheri, A. Koohpayezadeh, and J. Haddadnia, “Ocular arti-
fact detection and removing from EEG by wavelet families: A comparative
study,” J. Inf. Eng. Appl., vol. 3, no. 13, pp. 39–47, 2013.

[26] H. Ghandeharion and A. Erfanian, “A fully automatic ocular artifact sup-
pression from EEG data using higher order statistics: improved perfor-
mance by wavelet analysis,” Med. Eng. Phys., vol. 32, no. 7, pp. 720–729,
2010.

[27] D. L. Donoho and I. M. Johnstone, “Ideal spatial adaptation by wavelet
shrinkage,” Biometrika, vol. 81, no. 3, pp. 425–455, 1994.

[28] B. S. Raghavendra and D. N. Dutt, “Wavelet enhanced CCA for min-
imization of ocular and muscle artifacts in EEG,” World Academy Sci.
Eng. Technol., vol. 57, pp. 1027–1032, 2011.

[29] M. Mamun, M. Al-Kadi, and M. Marufuzzaman, “Effectiveness of wavelet
denoising on electroencephalogram signals,” J. Appl. Res. Technol.,
vol. 11, no. 1, pp. 156–160, 2013.

[30] I. M. Johnstone and B. W. Silverman, “Wavelet threshold estimators for
data with correlated noise,” J. R. Statistical Soc.: Series B (Statistical
Methodology), vol. 59, no. 2, pp. 319–351, 1997.

[31] A. Delorme, H. Serby, and S. Makeig. Independent component analy-
sis of EEG data. (2014, Jan.). [Online]. Online. Available: http://sccn.
ucsd.edu/eeglab/maintut/ICA_decomposition.html.

[32] S. Devuyst, T. Dutoit, T. Ravet, P. Stenuit, M. Kerkhofs, and E. Stanus,
“Automatic processing of EEG-EOG-EMG artifacts in sleep stage classifi-
cation,” in Proc. 13th Int. Conf. Biomed. Eng., 2009, vol. 23, pp. 146–150.

[33] M. Zima, P. Tichavsky, K. Paul, and V. Krajca, “Robust removal of short-
duration artifacts in long neonatal EEG recordings using wavelet-enhanced
ICA and adaptive combining of tentative reconstructions,” Physiol. Meas.,
vol. 33, no. 8, pp. N39–N49, 2012.

[34] J. W. Kelly, D. P. Siewiorek, A. Smailagic, J. L. Collinger, D.J. Weber,
and W. Wang, “Fully automated reduction of ocular artifacts in high-
dimensional neural data,” IEEE Trans. Biomed. Eng., vol. 58, no. 3,
pp. 598–606, Mar. 2011.

[35] T. W. Lee, M. Girolami, and T. J. Sejnowski, “Independent component
analysis using an Extended Infomax algorithm for mixed subgaussian
and supergaussian sources,” Neural Comput., vol. 11, no. 2, pp. 417–441,
1999.

[36] J. Onton and S. Makeig. “Information-based modeling of event-related
brain dynamics,” Progress Brain Res., vol. 159, pp. 99–120, 2006.

[37] S. Makeig, T-P. Jung, A. J. Bell, D. Ghahremandi, and T. J. Sejnowski,
“Blind separation of auditory event-related brain responses into inde-
pendent components,” in Proc. Nat. Acad. Sci., 1997, vol. 94, no. 20,
pp. 10979–84.

Authors’ photographs and biographies not available at the time of publication.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


