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Abstract: The EEG (electroencephalogram) signal 1s a whole express way to show 1t's complicated electronic
composition signal. Tt is a generally-accepted test method of epilepsy. An analysis algorithm of 24 lead EEG
signal and it’s embedded development system circuit method is discussed in the article. The method is based
on genetic algorithms and fast ICA (FICA). And here a novel GA process is designed to realize a high-speed
and automatic estimation. The comparative experiments show the whole solution 1s a robust, effective and
superior method to solve the EEG blind signal separation problem.
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INTRODUCTION

Epilepsy is a disorder of the nervous system diseases,
the incidence in the population is about 0.5 to 2%. the
disease to a large group of brain cells caused by repeated
episodes of super-synchronous discharge resistance,
sudden, transient cerebral dysfunction as features.
Electroencephalogram (EEG) examination 1s the clinical
diagnosis of epilepsy and lesion localization techniques
commonly used by EEG epilepsy. EEG signals high
temporal resolution and in millisecond level accurately
reflects the brain's time-varying characteristics. However,
due to time-varying sensitivity of EEG itself may also be
subject to some unrelated electrophysiological signal
wterference, the clinical point of collection to the brain
signals often contain EOG artifacts (ocular artifacts), EMG
artifact (muscle artifacts) and ECG artifact and so on.
Therefore artifact removal method is cwrently a hot
research.

DATA PREPROCESSING

30 inpatients” EEG signals and long-term video,
momtoring come from Beijing EEG Epilepsy Center of a
hospital, the hospital uses Nicolet 24-32 leads system, the
sampling frequency is 500Hz. Fig.1 shows Mr. Han's Fpl
signal about 2 seconds collected in April 2012, we can see
1n the raw data there 15 a clear 50Hz industrial frequency
noise interference. The current international new study
suggests that interictal high-frequency oscillations may
exist in the slow wave, therefore, keep the original signal
of other band 18 very important. through a 50Hz band-stop

0
DX 105 2000 4000 B000 8000 10000 12000
51 T
4l i
2 L -
o L | L L L |
0 50 joo0 1500 200 250 300 350 400 450 500
200 - r : - T
GMWMM\WW WM‘ v
200 | | I I |
0 2000 4000 6000 8000 10000 12000

Fig. 1: UP: The original Fpl signal, showed obvious
industrial frequency noise Middle: Original Fpl
signal spectrum, Bottom: Filtered Fpl signal
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Fig. 2: UP: Fpl signal , Bottom: reference ECG signal
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filter can accurately remove the industrial frequency
noise, the filtered data 1s shown in Fig.1.

To comparison with reference ECG signal, there was
obvious ECG interference in most leads (Fig. 2).

Corresponding Author: Jinhui Shen, Beijing Union University, College of Biochemical Engineering, Beijing, 100023, China
3164



Inform. Technol. J., 12 (15): 3164-3168, 2013

FAST INDEPENDENT COMPONENT ANALYSIS
(FICA)

ICA method 15 a powerful signal processing and data
analysis tool to solve the blind source separation and
gradually developed in recent years (De al Torre and
Black, 2001; Hyvarinen and Oja, 1996). In many ICA
algorithms the fixed point algorithm (also known FICA) is
widely used in the field of signal processing and analysis
by its fast convergence and good separation. The
algorithm can estimate statistically independent signal
from the observed signal which is mixed by unknown
factors (Delfosse and Loubaton, 1995).The algorithm 1s
proposed by Aapo Hyvarinen of the University of
Helsinki, Finland. Based on the fixed-point recursive
algonthm, applicable for any type of data . FICA algorithm
1s essentially a component of minimizing estimated mutual
information method, using the maximum entropy principle
to approximate the negative entropy and a suitable
nonlinear function optimal. Fig. 3 is Principle diagram of
FICA algorithm.

Where, S is independent sowrce signal, X is the
observed signal can be collected (mixed signal) which can
be regarded as produce of independent of the source
signal and mixing the product of matrix A. FICA is to find
an Unmixing matrix W, so that, mixed signals transferred
nto separation signals Y, Y can be as close as 3. Because
ICA can not distinguish between noise and independent
source signals it 13 necessary to make signals zero-mean

and whitening to simplify the FICA algorithm and after
this two pretreatment, optimization iteration time would be
I10re SUperior.

The flow of the algorithm is shown in Fig. 4:

Made the observed signal zero-mean: First, standardized
the observed signal (mixed-signal) X = [x,(t), x,(t),..., x,(t)]
by X = (X-m;)/3; . where m, . 5, separately for mean and
standard deviation. Subtracting the mean vector from the
observed signal to get zero mean vector signal. The
pretreatment only to simplify the ICA algorithm.

Whitening: For any multi-dimensional signal by applying
a linear transformation to make it into a white signal
process 1s called whitening and the corresponding
transformation matrix called whiteming matrix, after
whiteming each component is independence and has a
urit variance.

Let Q be a whiteing matrix of X, so cov (QX) =1
Use X = AS substituted into the formula and let H = QA,
then x (t) = QAs (t) = Hs(t).

Because x(t) and s(t) are two white random vector
connected by linear transformation H, thus the matrix H
must be an orthogonal matrix. Whitening make the original

Unmixing matrix W

Fig.3: Principle diagram of FICA
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Fig.4: flowchart of FICA

3165



Inform. Technol. J., 12 (15): 3164-3168, 2013

Table 1: Ttemn selection of real coding-term

Initial solution group Translation parameter

Genetic operator

Crossover strategy Mutation strategy

Flow No. ranging in a fixed area -0.08~0.08

Window rolling selection

Partly arithmetic crossover Uniform mutation

mixing matrix A reduced to an orthogonal matrix H to
reduce the complexity of the problem effectively.

Optimization algorithm: FICA’s basic goal 1s to find a
linear transformation W (unmixing matrix). The problem
can be decomposed mto two basic 1ssues: Optimization
criterion (objective function) and optimization algorithms.
Genetic  Algorithm (GA) (Hill et al, 2 005; To and
Vohradsky, 2007) is a simulation of natural biological
evolution and mechanisms for solving a class of extremal
problems self-organizing, adaptive artificial intelligence
techniques. It 1s also more suitable for parallel
computation, easy hardware implementation. In this
study, negative entropy was used as a optimization
criterion, with the real number coding and Gray code
encoding hybrid genetic algorithm to optimize and
determine the matrix W.

Optimization criterion: Tt is known that the Gaussian
variable has maximum entropy. Thus we can use the
entropy to measure non-Gaussian. Negative entropy,
modified form of entropy, 1s always use as a measure of
zero  Gaussian distribution with non-negative, non-
Gaussian. The entropy is:

H(Y) = py (y)1g B, (y)dy 1)

where, p (Y) is probability density function of random
variable Y. Its negative entropy 1s defined as:

(Y= H(Y, ) H(Y) (2)

gauss

Which Y. 1s composed of n Gaussian random
vector and have the sanie mean and covariance matrix
with Y. So negative entropy always non-negative.
Negative entropy can measure the independence between
the signals:

J(Y)= [ p(¥)10g pCY )Y - [P e () l0g p ., (Y)AY
[PV logp(Y)dY - [ p(¥)logp,,.(Y)dY

+[p(Y)log p ., (VXY - [p..(V)logp,,. . (Y)dY (3)

- 1 _plY) 4y
[piv) Og(pgm o

+ [ (P(Y) = P (Y 08P, (V)AY

The mutual information can be expressed by negative
entropy:

1Y) = 3(Y)~ 3 I(Y) (4)

Mutual information mmimization i1s equivalent to
negative entropy maximization. Thus based on negative
entropy maximizing optimization criterion is:

By (W) = 7log\detw\—zn: XY)+H, () -HEn  9)

i=1

gavss

Genetic algorithms (GA): Theoretically GA shows
superior performance but in practice it 1s easy to fall into
local extremum. The most critical step in GA is coding,
different coding method in evolutionary algorithm
complexity and efficiency of a huge difference. the real
coded GA with the ability of searchung large space
(results in high scanning speed and an overall
observation) could give a overshoot result during a small-
space-scan and the Gray coding has a strong adjusting
ability m small space, though, a slow speed in the mitial
term, here a combination-scan is composed. This means
that mn the initial term the Real-code method is used, after
obtaining a good convergence the Gray-scan method 1s
used to perform a local fine turning, thus reach a high
speed and accurate optimal scan. the encoding method
has been tested on many occasions and proved very
effective. This phased coded genetic algorithm used in
this article to optimize W.

The first phase-the real coding-term is composed as
shown in Table 1

Facing different application problems there are a
variety of operator forms. In the period of real code,
Window-Rotation-Selection method 1s used and its cross-
and strange-changing operator is described as following.
Making cross-operation on selected mdividuals x, x,,
according to probability P, new individuals are produced
as X, X, by equation 6, Where, 1: Randomly selected cross-
point; k: pre-given real mumber, 0<I<1,0<1,0<k=<1;] length of
chromosorme.

X = Kxx, +(1-k)=xx,; (6)

x, =(1-k)=x; +kxx,;,

After fimishing cross-operation and producing new
class-group, select the  strange-changing-joming
individuals to execute the changing operation as
described m equation 7 Where, x.38: Selected individual,
var: Randomly produced random mumnbers ranging within
the weight-area:
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x"m =x', +var (7

The second phase-the method  is

composed as the following:

Gray-code

*  Translation parameters are mimnum:-0.01, maximum:
0.01, digit mumber: 10, Chromosome number: 50, cross
probability: 0.8, mutation probability:0.01

In the period of Gray-code, the window-rotation
method is used, the cross-operator is classical 2-point-
cross-operator, and the strange-changing-strategy 1s
1-bit-random-changing.

Detailed steps of GA based FICA:

s Pretreatment of the observed data, 1.e. made zero-
mean and whitemng

*  Randomly generate the nitial population of matrix W

*  Calculate the mtial population optunization criterion-
negative entropy

¢+ By the optimization criterion value sorted, use
crossover and mutation operations and make the
population into the next generation

* To reach the specified hereditary algebra or a
negative change in entropy threshold is reached,
stop the GA

¢  Obtain the best W = [w,, w,,...wn]|"

This algorithm 1s implemented in EL-DSP/ARM-IV
hardware which will discussed in another paper.

RESULT

To facilitate the display, only six leads signal of
actual clinical 24 lead and the results were showed in the
Fig. 5to 8.
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Fig. 5. A climcal EEG signals in 6-lead, ECG artifact visible

SUMMARY

In this article, we use a GA combmed FICA
algorithm to compute unmixing matrix W of the climie
EEG signals and the result shows that the whole
algorithm is effective and robust. The algorithm can
seamlessly migrate to DSP/ARM hardwar e architecture
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Fig. 6: After FICA solution, where the third channel
signals reflect more realistic ECG R spikes
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Fig. 7: Extraction third lead signal comparison with ECG

signal
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Fig. 8 Delete the third chamnel signal, the remaming
signal is re-mixed to obtain a recovery signal,
where the basic ECG artifact disappeared
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which can used in real-time analysis of EEG and we will
discuss this in another article.

Currently, the FICA algorithims are more limited on the
software part, mamly due to its huge amount of
calculation. The next step of our research is focus on
developing specific method for retrospective prediction of
Epilepsy signal.
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