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Abstract— 1In this paper, the performance of traditional
variance-based method for detection of epileptic seizures in
EEG signals are compared with various methods based on
nonlinear time series analysis, entropies, logistic regression,
discrete wavelet transform and time frequency distributions.
We noted that variance-based method in compare to the
mentioned methods had the best result (100%) applied on the
same database.

I. INTRODUCTION

PILEPTIC seizures are the result of the transient and
unexpected electrical disturbance of the brain.
Approximately one in every 100 persons will experience
a seizure at some time in their life [1].
Unfortunately, the occurrence of an epileptic seizure is not
predictable and its process is not completely understood yet.

Electroencephalogram (EEG) as a representative signal
containing information of the electrical activity generated by
the cerebral cortex nerve cells, has been the most utilized
signal to clinically assess brain activities, and the detection
of epileptiform discharges in the EEG is an important
component in the diagnosis of epilepsy.

The detection of epilepsy, which includes visual scanning
of EEG recordings for the spikes and seizures, is very time
consuming, especially in the case of long recordings. In
addition, bio-signals are highly subjective so disagreement
on the same record is possible, so the EEG signal parameters
extracted and analyzed using computers, are highly useful in
diagnostics.

The early methods of automatic EEG processing were
based on a Fourier transform. This approach is based on
earlier observations that the EEG spectrum contains some
characteristic waveforms that fall primarily within four
frequency bands. Such methods have proved beneficial for
various EEG characterizations, but fast Fourier transform
(FFT), suffer from large noise sensitivity.

Parametric methods for power spectrum estimation such
as autoregressive (AR), reduces the spectral loss problems
and gives better frequency resolution. Since the EEG signals
are non-stationary, the parametric methods are not suitable
for frequency decomposition of these signals.

Gular et al [2] have a study to the assessment of accuracy
of recurrent neural networks (RNN) employing Lyapunov
exponents in detection seizure in the EEG signals.
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Dynamical measures especially Lyapunov exponents can
serve as clinically useful parameters and contain a
significant amount of information about the signal [3],[4].
Therefore, the Lyapunov exponents become a natural
complement to our applications of the RNNs.

Non-linear dynamics theory opens new window for
understanding the behavior of electroencephalogram (EEG).
In the analysis of EEG data, different chaotic measures are
used in recent literature. Jing and Takigawa [5] applied
correlation dimensions techniques to analyze EEG at
different neurological states. Lehnertz and Elger [6] used
correlation dimension technique to test whether a
relationship exists between spatio-temporal alterations of
neuronal complexity and spatial extent and temporal
dynamics of the epileptogenic area. Casdagli et al. [7]
showed that the techniques developed for the study of non-
linear systems could be used to characterize the
epileptogenic regions of the brain during the interictal
period. Correlation integral, the measure sensitive to a wide
variety of non-linearities, was used for detection. In
particular, recordings from epilepsy patients have often
attracted researchers’ attention and they have used non-
linear techniques for analysis.

Subasi et al [8] compared the traditional method of
logistic regression to the more advanced neural network
techniques, as mathematical tools for developing classifiers
for the detection of epileptic seizure in multi-channel EEG.

A powerful method was proposed in the late 1980s to
Perform time-scale analysis of signals: the wavelet
transforms (WT). This method provides a unified framework
for different techniques that have been developed for
various applications. One of the efficient properties of WT is
that it is appropriate for analysis of non-stationary signals,
and this represents a major advantage over spectral analysis.
Hence the WT is well suited to locating transient events.
Such transient events as spikes can occur during epileptic
seizures.

Recently, Kiymik et al. presented time—frequency analysis
of EEG signals for detecting the information on alertness
and drowsiness using spectral densities of DWT coefficients
as an input to ANN [9]. As compared to the conventional
method of frequency analysis using Fourier transform or
short time Fourier transform, wavelets enable analysis with a
coarse to fine multi-resolution perspective of the signal [10].

The detection methods which use the characteristics of the
EEG seizure in time or frequency domain are based on the
assumption that the segments of the signal are quasi



stationary. However recent works shows that the EEG
signals exhibit non-stationary behavior. For analyzing such
signals, time scale and time frequency methods have proved
that the most suitable tools [11].

The outline of the paper is as follows: Section II outlines
the database which is downloadable from the. This database
is the same for papers that we extract the result from them.
Also this section summarizes various methods that were
used in the detection of seizure in EEG signals. These
methods are nonlinear statistics, entropies estimators,
wavelet transforms, time frequency distribution and linear
statistic (variance). Section III presents the overall accuracy
results of the mentioned methods that are elicited from the
original papers.

II. METHODS AND MATERIALS

A. Database

We used the data described in Andrzejak et al [12], which
is publicly available. In this section, we restrict ourselves to
only a short description and refer to[12] for further details.
The complete dataset consists of five sets (denoted A-E),
each containing 100 single-channel EEG signals of 23.6 s.

Sets A and B have been taken from surface EEG
recordings of five healthy volunteers with eyes open and
closed, respectively. Signals in two sets have been measured
in seizure-free intervals from five patients in the
epileptogenic zone (D) and from the hippocampal formation
of the opposite hemisphere of the brain (C). Set E contains
seizure activity, selected from all recording sites exhibiting
ictal activity. Sets A and B have been recorded extra
cranially, whereas sets C, D, and E have been recorded
intracranially. In our applications, performance degraded for
a more detailed classification which further dissociated
between sets A (healthy volunteer, eyes open) and B
(healthy volunteer, eyes closed), and sets D (epileptogenic
zone) and C (hippocampal formation of opposite
hemisphere). Therefore, in the present study we classified
three dataset (A, D, E) of the complete dataset.

B. Seizure detection methods

As it is mentioned in previous section, several methods have
been proposed for detection of seizure. In this section some
of these methods will be introduced and the results will be
presented in the next section.

1. Nonlinear-based features

Lyapunov exponents are a quantitative measure for
distinguishing among the various types of orbits based upon
their sensitive dependence on the initial conditions, and are
used to determine the stability of any steady-state behavior,
including chaotic solutions. The reason why chaotic systems
show aperiodic dynamics is that phase space trajectories that
have nearly identical initial states will separate from each
other at an exponentially increasing rate captured by the
socalled Lyapunov exponent. Numerous methods for
calculating the Lyapunov exponents have been developed
during the past decade [13]. Generally, the Lyapunov

exponents can be estimated either from the equations of
motion of the dynamic system (if it is known), or from the
observed time series. The first is based on the idea of
following the time evolution of nearby points in the state
space [14]. This method provides an estimation of the
largest Lyapunov exponent only. The second method is
based on the estimation of local Jacobi matrices and is
capable of estimating all the Lyapunov exponents. Vectors
of all the Lyapunov exponents for particular systems are
often called their Lyapunov spectra.

In the present study, the technique used in the computation
of Lyapunov exponents was related with the Jacobi-based
algorithms.

2. Entropy-based features

Entropy is a thermodynamic quantity describing the amount
of disorder in the system. From an information theory
perspective, the above concept of entropy is generalized as
the amount of information stored in a more general
probability distribution. First Shannon applied the concept
of information or logical entropy to the science of
information theory and data communications. Recently, a
number of different entropy estimators [15] have been
applied to quantify the complexity of the signal. Entropy
estimators are broadly classified into two categories spectral
entropies and embedding entropies. The spectral entropies
use the amplitude components of the power spectrum of the
signal as the probabilities in entropy calculations. It
quantifies the spectral complexity of the time series. The
embedding entropies use the time series directly to estimate
the entropy. Kolmogorov—Sinai entropy and the
approximate entropy are the embedding entropies discussed
here [16].

3. Wavelet-based features

The discrete wavelet transform is a versatile signal
processing tool that has many engineering and scientific
applications. The wavelet transform (WT) provides a
general technique, which can be useful to many tasks in
signal processing. The WT can be considered as an
extension of the classic Fourier transform, except that,
instead of working on a single scale (time or frequency), it
works on a multi-scale basis. This multi-scale feature of the
WT allows the decomposition of a signal into a number of
scales, each scale representing a particular coarseness of the
signal under study. DWT analyzes the signal at different
frequency bands, with different resolutions by decomposing
the signal into a coarse approximation and detail
information. DWT employs two sets of functions called
scaling functions and wavelet functions, which are
associated with low-pass and high-pass filters, respectively.
The decomposition of the signal into the different frequency
bands is simply obtained by successive high-pass and low-
pass filtering of the time domain signal.

Subasi [17] deals with a novel method of analysis of EEG
signals using discrete wavelet transform, and classification
using ANN. In this work the signal decomposed in 5 levels



using DB4 wavelet filter .The energy of details and
approximation were used as the input features.

4. Time frequency-based features

In this method the first step in processing is to compute a
time-frequency distribution. Such a distribution localizes a
signal in both time and frequency domains. That is, it
provides simultaneous time resolution and inversely
proportional frequency resolution. For example, an epileptic
signal has component in both time and frequency, but the
conventional time and frequency representations present
only one aspect.

A time-frequency distribution combines both time and
frequency information into a single representation. There are
a large number of possible time-frequency distributions;
however we will focus only on the two which are most often
used. These are the pseudo Wigner-Ville and the smoothed-
pseudo Wigner-Ville distribution [18].

For extracting features from the time-frequency plane, the
maximum frequency in each point of time axis was obtained
so a 1-D signal was acquired (maximum frequency versus
time). This signal was fitted with a cubic curve using LMS
(Least Mean Square) criterion. The cubic curve which was
used is in the form of:

y=d.x’ +d,x* +d,x+d, (1)

After computing the parameters,d,d,,d,,d, would be

taken as features. The number of the parameters d; can be

chosen according to the problem so, the shape of the fitting
curve will be changed consequently.

We used this feature as inputs to a feed-forward back
propagation neural networks (FBNN).

5. Local variance

One of the simplest statistics that may be used for
investigating the dynamics underlying the EEG is the
variance of the signal calculated in consecutive
nonoverlapping windows [19].

Let denote the EEG signal at time. The variance of this
EEG signal is given by

2
o’ =<5, >—<s,> @)
where <.> is the average taken over the time interval
being considered. Esteller et al [20] suggest measuring the

energy (simply< Sl,2 >) of the signal in consecutive

windows of the EEG signals.

The detection using variance is as follow: after segmenting
the signal using the rectangle window, the variance in each
segment is calculated and compared with a constant
threshold. If the variance is greater than this threshold the
segment is considered as an occurred seizure else, it is a
normal section.

6. Power spectrum

Another useful linear approach for investigating the EEG
signal is its power spectrum. There are a number of different
statistics which aim to summarize the information contained
in the power spectrum. These include calculating the total
integral of the power spectrum over all nonzero frequencies
(note that this equals the variance of the signal), and the
median frequency which estimates the “typical” frequency
present in the signal [21]. Quasiperiodic fluctuations or
“rhythmic” behavior characterized by a peak in the power
spectrum at a specific frequency may be used to identify
epileptic seizures in some cases [22].

III. RESULTS AND DISCUSSION

The EEG database mentioned above has 100 cut of EEG
signals from both healthy and epileptic patients. A
rectangular window, which was formed by 256 discrete data,
was selected so that it contained a single EEG segment. In
each segment the mentioned methods were applied and they
were considered as the input to classifiers. The reader can
refer to [2], [8], [16], [18] and [25] for the details of
methods and classifiers. Detection of seizure using variance
was completed with a constant threshold and it used no
classifier.

For comparison of the results of various algorithms, we
used overall accuracy which means the ratio of the number
of corrected classified segmented seizure and non-seizure
signals to the total number of segmented signals. Table 1
shows the best result of using Lyapanov Exponent,
Entropies, Logistic regression, discrete Wavelet transforms,
Time frequency distributions and linear statistic (variance)
for detection of seizure which, are elicited from [2], [8],
[16], [18] and [25].

Table I. Results of classification which were extracted from various papers
on the same database.

Lyapano Entropic LOngtIVC
v regressio
s
Exponent n
Overall
97.38% 93.7% 93.0%
accuracy
Discrete Time .
Frequenc | Variance
wavelet y
Overall | (950, | 98.25% | 100%
accuracy

These results, the best results, are just reported from these
published papers and it can be seen the simplest method
(variance-based) have the best result and can classify the
signals perfectly. Also it should be noted that in this method
no classifier is used and the detection is completed using a
fixed threshold on the local variance, however; other
methods used modern classifiers which mostly based on
neural networks.



IV. CONCLUSION

In this paper some methods for detection of seizure in EEG
signals were described. This methods and their result were
elicited from various papers.

The most striking result from this investigation is that
using variance for detection of seizure (on a downloadable
EEG data) had the best result (100%) in compare of many
complicated and modern methods.

To establish the clinical use for any seizure detection
scheme it is necessary to test on out-of-sample data sets.
This test should include the evaluation of a given statistic on
numerous EEG recordings which are known not to contain
an epileptic seizure. Comparisons between different
statistics could be facilitated by calculating the number of
false positives. Whilst there are a number of groups applying
various statistical methods to databases of EEG recordings,
there has been remarkably little effort made to contrast these
methods [23], [24] and to evaluate their performance on
different databases. To establish whether any of these
methods can be used in a clinical setting will require either
the collection of a very large database of recordings of
sufficient duration (many hours) and/or increased co-
operation between numbers of independent research groups.

ACKNOWLEDGMENT

The authors would like to thank Mr. Sahraee for
supporting us in BME laboratory Sharif University.

REFERENCES

[1] L.D. Iasemidis, D.S. Shiau, W. Chaovalitwongse, J.C. Sackellares,
PM. Pardalos, and J.C. Principe, "Adaptive epileptic seizure
prediction system," IEEE Transactions on Biomedical Engineering,
vol. 50(5), pp. 616627, 2003.

[2] N.F. Gulera, E.D. Ubeylib, I. Guler, "Recurrent neural networks
employing Lyapunov exponents for EEG signals classification" Expert
Systems with Applications vol. 29, pp. 506-514, 2005.

[3] R. Silipo,G. Deco,R. Vergassola, and H. Bartsch, "Dynamics
extraction in multivariate biomedical time series". Biological
Cybernetics, vol. 79(1), pp. 15-27, 1998.

[4] E.D. Ubeyli,and I. Guler, "Detection of electrocardiographic changes

in partial epileptic patients using Lyapunov exponents with multilayer

perceptron neural networks". Engineering Applications of Artificial

Intelligence, vol. 17(6), pp. 567-576, 2004.

H. Jing, M. Takigawa, "Topographic analysis of dimension estimates

of EEG and filtered rhythms in epileptic patients with complex partial

seizures," Biological. Cybernetics. Vol. 83, pp. 391-397, 2000.

K. Lehnertz, C.E. Elger, "Spatio-temporal dynamics of the primary

epileptogenic area in temporal lobe epilepsy characterized by neuronal

complexity loss," Electroen. Clinical. Neurophysiology, vol. 95 pp.

108-117, 1995.

M.C. Casdagli, L.D. Tasemidis, R.S. Savit, R.L. Gilmore, S.N. Roper,

J.C. Sackellares, "Non-linearity in invasive EEG. recordings from

patients with temporal lobe epilepsy," Electroencephalogr. Clin.

Neurophysiol. 102 98-105, 1997.

[8] A. Subasia, and E. Ercelebi, "Classification of EEG signals using

neural network and logistic regression," Computer Methods and

Programs in Biomedicine, vol. 78, pp. 87-99, 2005.

M.K. Kiymik, M. Akin, and A. Subasi,. "Automatic recognition of

alertness level by using wavelet transform and artificial neural

network," Journal of Neuroscience Methods, vol. 139(2), pp. 231-

240, 2004.

[10]E. Haselsteiner, and G. Pfurtscheller, "Using time-dependent neural
networks for EEG classification," [EEE Transactions on
Rehabilitation Engineering, vol. 8, pp 457—463, 2000.

[5

—

[6

—_

[7

—

[9

—

[11]B. Boashash, M. Mesbah, and P. Colditz, "Time Frequency detection
of EEG abnormalities," chapter 15, Article 15.5. pp. 663-669, Elsevier
2003.

[12]R.G. Andrzejak, G.Widman, K. Lehnertz, C. Rieke, P. David, C.E.
Elger, "The epileptic process as nonlinear deterministic dynamics in a
stochastic environment: an evaluation on mesial temporal lobe
epilepsy," Epilepsy Res. Vol. 44, pp. 129-140, 2001.

[13]H.D.I. Abarbanel, R. Brown, and M.B. Kennel, "Lyapunov exponents
in chaotic systems: Their importance and their evaluation using
observed data," International Journal of Modern Physics, vol. 5(9),
pp.1347-1375, 1991

[14]A. Wolf, J.B. Swift, HL. Swinney, and J.A. Vastano, "Determining
Lyapunov exponents from a time series," Physica D, vol. 16(3), pp.
285-317, 1985.

[15]P. Grassberger, T. Schrieber, "Nonlinear time sequence analysis," Int.
J. Bifurcat. Chaos 1 (3), pp.512-547, 1991.

[16]N. Kannathala,b, M. L. Choob, U.R. Acharyab, P.K. Sadasivana
"Entropies for detection of epilepsy in EEG," Computer Methods and
Programs in Biomedicine 2005.

[17]A. Subasi, "Epileptic seizure detection using dynamic wavelet
network," Expert Systems with Applications, vol. 29, pp 343-355,
2005

[18]H.R. Mohseni, A. Maghsoudi, and N. Sadati, "Automatic detection of
epileptic seizure Using Time-Frequency Distributions," Advances in
Medical, Signal and Information Processing (MEDSIP), 2006.

[19]P. E. McSharry, L. A. Smith, and L. Tarassenko, ‘“Prediction of
epileptic seizures: are nonlinear methods relevant?,” Nature Med., vol.
9, pp. 241-242, 2003.

[20]R. Esteller, G. Vachtsevanos, J. Echauz, M. D’Alessandro, T. Henry,
P. Pennell, C. Epstein, R. Bakay, C. Bowen, R. Shor, and B. Litt,
“Accumulated energy is a state-dependent predictor of seizures in
mesial temporal lope epilepsy,” Epilepsia, vol. 40, no. S7, p. 173,
1999.

[21]G.Widman, T. Schreiber, B. Rehberg, A. Hoeft, and C. E. Elger,
“Quantification of depth of anesthesia by nonlinear time series
analysis of brain electrical activity,” Phys. Rev. E, vol. 62, pp. 4898—
4903, 2000.

[22]A. M. Murro, “Computerized seizure detection of complex partial
seizures,” Electroencephalogr. Clin. Neurophysiol., vol. 79, pp. 330—
333, 1991.

[23]L. M. Hively, “Detecting dynamical change in nonlinear time series,”
Phys. Lett. A, vol. 258, pp. 103-114, 1999.

[24]]. C. Sackellares, L. D. Iasemidis, D. Shiau, R. L. Gilmore, and S. N.
Roper, “Epilepsy—when chaos fails,” in Chaos in the Brain?, K.
Lehnertz and C. E. Elger, Eds, Singapore: World Scientific, 2000.

[25]1. Guler, E.D. Ubeyli, "Adaptive neuro-fuzzy inference system for
classification of EEG signals using wavelet coefficients," Journal of
Neuroscience Methods, vol. 148, pp. 113-121, 2005.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


