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(57) ABSTRACT

A method for creating a mother wavelet function. The
method includes preparing a plurality of vectors, extracting
a kernel from the plurality of vectors, and extracting the
mother wavelet function from the kernel. The kernel
includes a mode value of a vector of the plurality of vectors.
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SIGNAL PROCESSING FOR EXTRACTING A
MOTHER WAVELET FUNCTION

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of priority from
pending U.S. Provisional Patent Application Ser. No.
62/512,014, filed on May 28, 2017, and entitled “METHOD
AND INTELLIGENT SOFTWARE SYSTEM FOR EPI-
LEPTIC SEIZURE DETECTION USING SEIZLET
DESIGN,” which is incorporated herein by reference in its
entirety.

TECHNICAL FIELD

[0002] The present disclosure generally relates to electri-
cal signal processing, and particularly, to electroencepha-
lography (EEG) signal processing for seizure detection.

BACKGROUND

[0003] Epileptic seizure is as a disorder of central nervous
system (CNS) due to electrical-ionic activities of nerve cells
by discharging and leaking out intra-cellular fluids to other
lobes and parts of the brain. After this diffusion event,
electrical orders and undesirable impulses are frequently
sent towards subjects’ organs under the command of sym-
pathetic and parasympathetic nervous systems and they
reveal temporal and transient behaviors. These phenomena
can be revealed by a state such as drowsiness or a temporary
paralysis.

[0004] Electroencephalography (EEG) signals may be
used for detecting and analyzing epileptic seizures. Existing
issues of seizure detection by processing EEG signals may
include obtaining acceptable detection measures, including
accuracy, precision, sensitivity and specificity, and properly
utilizing samples of the EEG signals (including short-term
and long-term signals), and EEG channels, and specifying
algorithms for different patients and different types of sei-
Zures.

[0005] A number of features may be extracted from EEG
signals for seizure detection. The features may include time
domain features, frequency domain features, and time-fre-
quency domain features. The time domain features may have
low accuracy for seizure detection. The frequency domain
features may be more appropriate for analyzing stationary
signals. Although short time epochs of EEG signals may be
considered wide sense stationary processes, dynamics of
EEG signals, such as sudden shifts from normal brain
rhythms and activities to irregular frequency comportment
variations may raise limitations in specifying the dynamics
of seizure signals, and consequently, in the distinction
between seizure and non-seizure behaviors.

[0006] Wavelet transforms are a type of time-frequency
transforms that can be used for analyzing EEG signals. The
wavelet transforms may be more suitable than time and
frequency transforms for analyzing non-stationary time
series such as EEG signals. However, due to a random nature
of seizure attacks and also capturing multi-channel EEG
signals, characteristics of seizure signals in different chan-
nels may include dissimilar comportments. Furthermore,
extracted features based on coefficients of the time-fre-
quency domain of EEG signals may be confused with other
phenomena, including bruxism, sleep spindle, narcolepsy
and states of sleep, due to the frequency bandwidth of EEG
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signals. Therefore, the coeflicient-based features that are
extracted whether by using power and energy distributions
or based on the variations of time-frequency components
may lack robust attributes for describing epileptic seizure
attacks.

[0007] There is, therefore, a need for an exclusive wavelet
kernel that is obtained according to the dynamics of EEG
signals of patients with a history of epileptic seizure for
appropriately extracting seizure patterns. There is also a
need for a method for extracting suitable patterns of EEG
signals of patients with a history of epileptic seizure as a
basis of feature extraction for epileptic seizure detection and
prediction.

SUMMARY

[0008] This summary is intended to provide an overview
of the subject matter of the present disclosure, and is not
intended to identify essential elements or key elements of
the subject matter, nor is it intended to be used to determine
the scope of the claimed implementations. The proper scope
of the present disclosure may be ascertained from the claims
set forth below in view of the detailed description below and
the drawings.

[0009] In one general aspect, the present disclosure
describes a method for creating a mother wavelet function.
The method includes preparing a plurality of vectors,
extracting a kernel from the plurality of vectors, and extract-
ing the mother wavelet function from the kernel. In other
implementations, the kernel may include a mode value of a
vector of the plurality of vectors.

[0010] The above general aspect may include one or more
of the following features. In an implementations, preparing
the plurality of vectors may include preparing a plurality of
signals, extracting a plurality of epochs from the plurality of
signals, and extracting the plurality of vectors from the
plurality of epochs. The plurality of signals may include a
plurality of samples In another implementation, the plurality
of epochs may include a first epoch and a second epoch.
Each of the plurality of epochs may include a given number
of samples of the plurality of samples. In an example, each
vector of the plurality of vectors may include a first sample
of the first epoch and a second sample of the second epoch.
[0011] Insome implementations, preparing the plurality of
signals may include acquiring a plurality of electroencepha-
lography (EEG) signals via a plurality of EEG channels,
band-pass filtering each of the plurality of EEG signals
based on a Kaiser-Bessel windowing procedure, and syn-
chronizing the plurality of EEG signals by an event-based
approach.

[0012] In some cases, extracting the kernel may include
estimating a multimodal ensemble probability density func-
tion (PDF) for the vector by using an expectation maximi-
zation (EM) technique for a Gaussian mixture model
(GMM) of the vector, and choosing a sample of the vector
with a maximum value in the multimodal ensemble PDF as
the mode value of the vector.

[0013] In different implementations, extracting the mother
wavelet function may include fitting a polynomial function
to the kernel, generating a wavelet scaling function from the
polynomial function, and generating the mother wavelet
function from the scaling function.

[0014] In an example, fitting the polynomial function to
the kernel may include generating a resampled kernel by
resampling the kernel with a given resampling rate, gener-
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ating a local maximum array, and fitting a Lagrange poly-
nomial function to the local maximum array. In another
example, the local maximum array may include a plurality
of local maximum values of the resampled kernel.

[0015] In some implementations, generating the mother
wavelet function may include generating a low-pass filter
from the wavelet scaling function, generating a high-pass
filter from the low-pass filter, and generating the mother
wavelet function from the low-pass filter.

[0016] Other systems, methods, features and advantages
of the implementations will be, or will become, apparent to
one of ordinary skill in the art upon examination of the
following figures and detailed description. It is intended that
all such additional systems, methods, features and advan-
tages be included within this description and this summary,
be within the scope of the implementations, and be protected
by the claims herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0017] The drawing figures depict one or more implemen-
tations in accord with the present teachings, by way of
example only, not by way of limitation. In the figures, like
reference numerals refer to the same or similar elements.
[0018] FIG. 1A is a flowchart of an implementation of a
method for detecting and predicting an epileptic seizure
according to one implementation of the present disclosure.
[0019] FIG. 1B is a flowchart of an implementation of
extracting a plurality of patterns from a plurality of signals
according to one implementation of the present disclosure.
[0020] FIG. 1C is a flowchart of an implementation of
calculating a wavelet transform of a signal according to one
implementation of the present disclosure.

[0021] FIG. 1D is a flowchart of an implementation of
extracting a mother wavelet function from a kernel accord-
ing to one implementation of the present disclosure.
[0022] FIG. 1E is a flowchart of an implementation of
generating a mother wavelet function from a scaling func-
tion according to one implementation of the present disclo-
sure.

[0023] FIG. 1F is a flowchart of an implementation of
extracting a plurality of features from a plurality of signals
according to one implementation of the present disclosure.
[0024] FIG. 2 shows an implementation of a plurality of
signals according to one implementation of the present
disclosure.

[0025] FIG. 3 shows an implementation of a multimodal
ensemble probability density function according to one
implementation of the present disclosure.

[0026] FIG. 4 shows an implementation of a resampled
kernel according to one implementation of the present
disclosure.

[0027] FIG. 5 shows an implementation of a cone of
influence (COI) map according to one implementation of the
present disclosure.

[0028] FIG. 6 shows an implementation of a plurality of
patterns according to one implementation of the present
disclosure.

[0029] FIG. 7 shows an implementation of calculating a
plurality of pattern arrays according to one implementation
of the present disclosure.

[0030] FIG. 8 shows an implementation of a Poincaré-
based map according to one implementation of the present
disclosure.
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[0031] FIG. 9 shows a flowchart of an implementation of
an optimization process according to one implementation of
the present disclosure.

[0032] FIG. 10 shows a block diagram of an implemen-
tation of a system for detecting and predicting an epileptic
seizure according to one implementation of the present
disclosure.

[0033] FIG. 11 is a schematic representing a relationship
between a plurality of pattern parameters according to one
implementation of the present disclosure.

[0034] FIG. 12 shows four 30-second epochs according to
one implementation of the present disclosure.

[0035] FIG. 13 shows an epoch obtained by windowing an
electroencephalography (EEG) signal.

[0036] FIG. 14 shows a reconstructed epoch obtained by
applying a discrete wavelet transform (DW'T) on an original
epoch and perfect reconstructing the original epoch by an
inverse DWT.

[0037] FIG. 15 shows a first segment of an original epoch
from a seizure state.

[0038] FIG. 16 shows a second segment of an original
epoch from a non-seizure state.

[0039] FIG. 17 shows a first reconstructed sample of a first
segment of an original epoch.

[0040] FIG. 18 shows a second reconstructed sample of a
second segment of an original epoch.

[0041] FIG. 19 shows an epoch obtained by windowing an
EEG signal.
[0042] FIG. 20 shows a reconstructed epoch obtained by

applying a DWT on an original epoch and perfect recon-
structing the original epoch by an inverse DWT.

[0043] FIG. 21 shows a first segment of an original epoch
from a non-seizure state.

[0044] FIG. 22 shows a second segment of an original
epoch from a seizure state.

[0045] FIG. 23 shows a first reconstructed sample of a first
segment of an original epoch.

[0046] FIG. 24 shows a second reconstructed sample of a
second segment of an original epoch.

DETAILED DESCRIPTION

[0047] In the following detailed description, numerous
specific details are set forth by way of examples in order to
provide a thorough understanding of the relevant teachings.
However, it should be apparent that the present teachings
may be practiced without such details. In other instances,
well known methods, procedures, components, and/or cir-
cuitry have been described at a relatively high-level, without
detail, in order to avoid unnecessarily obscuring aspects of
the present teachings.

[0048] The following detailed description is presented to
enable a person skilled in the art to make and use the
methods and devices disclosed in exemplary embodiments
of the present disclosure. For purposes of explanation,
specific nomenclature is set forth to provide a thorough
understanding of the present disclosure. However, it will be
apparent to one skilled in the art that these specific details
are not required to practice the disclosed exemplary embodi-
ments. Descriptions of specific exemplary embodiments are
provided only as representative examples. Various modifi-
cations to the exemplary implementations will be readily
apparent to one skilled in the art, and the general principles
defined herein may be applied to other implementations and
applications without departing from the scope of the present
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disclosure. The present disclosure is not intended to be
limited to the implementations shown, but is to be accorded
the widest possible scope consistent with the principles and
features disclosed herein.

[0049] Herein is disclosed a novel method and system for
epileptic seizure detection and prediction. The method
acquires EEG signals from a predefined set of channels, and
classifies the signals in a seizure class and a non-seizure
classes. For this purpose, a number of patterns of EEG signal
variations may be extracted from the signals. Based on the
patterns, a similarity measure may be defined to extract a set
of features assessing the similarity of different segments of
the EEG signal. The EEG signal is then classified based on
the feature value, in the seizure or the non-seizure class by
using a number of cascaded classifiers.

[0050] To extract the patterns of EEG signal variations, a
wavelet transform is calculated for the EEG signals, and a
cone of influence (COI) map is obtained for the wavelet
transform. The patterns may be then extracted from the COI
map. The wavelet transform is based on a mother wavelet
function that is extracted from the EEG signals. To obtain
the mother wavelet function, the EEG signals may be
divided into a number of epochs, and a kernel may be
extracted from the epochs that includes amplitude-based
values with maximum repetition in the epochs at each time
instant. A wavelet scaling function is then obtained from the
kernel, and the mother wavelet function is generated accord-
ing to kernel.

[0051] FIG. 1A is a flowchart of an implementation of a
method 100 for detecting and predicting an epileptic seizure.
In some implementations, the method 100 may include
preparing a plurality of signals (a first step 102), extracting
a plurality of patterns from the plurality of signals (a second
step 104), extracting a plurality of features from the plurality
of signals by applying the plurality of patterns on the
plurality of signals (a third step 106), optimizing the plu-
rality of patterns and the plurality of features (a fourth step
108), and classifying each of the plurality of signals in a
plurality of classes by applying a plurality of classifiers on
the plurality of features (a fifth step 110). In some examples,
the plurality of classes may include a seizure class and a
non-seizure class, and the plurality of classifiers may include
aplurality of cascaded AdaBoost classifiers. The plurality of
signals may include a plurality of samples.

[0052] In different implementations, preparing the plural-
ity of signals (the first step 102) may include acquiring a
plurality of electroencephalography (EEG) signals via a
plurality of EEG channels, band-pass filtering each of the
plurality of EEG signals based on a Kaiser-Bessel window-
ing procedure, and synchronizing the plurality of EEG
signals by an event-based approach. In an implementation,
the cutoff frequencies of a band-pass filter may be tuned on
0.5 up to 35 Hz. In another implementation, the authorized
ripples may be about 0.01 in the pass band and may be about
0.05 in the stop band.

[0053] FIG. 1B is a flowchart of an implementation of the
second step 104. In some implementations, extracting the
plurality of patterns (the second step 104) may include
calculating a wavelet transform of a signal of the plurality of
signals (a first step 112), extracting a cone of influence (COI)
of the wavelet transform (a second step 114), and generating
a pattern of the plurality of patterns according to the COI (a
third step 116). In an implementation, calculating a wavelet
transform of a signal of the plurality of signals (the first step
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112) may include generating a mother wavelet function, and
applying the mother wavelet function on the signal.

[0054] FIG. 1C is a flowchart of an implementation of the
first step 112. In some implementations, calculating the
wavelet transform (the first step 112) may include preparing
a plurality of vectors (a first step 118), extracting a kernel
from the plurality of vectors (a second step 120), and
extracting the mother wavelet function from the kernel (a
third step 122). In an example. the kernel may include a
mode value of a vector of the plurality of vectors.

[0055] FIG. 2 shows an implementation of a plurality of
signals 200, consistent with one or more implementations of
the present disclosure. Referring to FIG. 2, in some imple-
mentations, preparing the plurality of vectors (the first step
118) may include extracting a plurality of epochs 202 from
the plurality of signals 200, and extracting the plurality of
vectors from the plurality of epochs 202. In some examples,
the plurality of epochs 202 may include a first epoch 204 and
a second epoch 206. Each of the plurality of epochs 202 may
include a given number of samples of the plurality of
samples. In addition, a vector 208 of the plurality of vectors
may include a first sample 210 of the first epoch 204 and a
second sample 212 of the second epoch 206. In an imple-
mentation, each of the plurality of epochs 202 S (t;£,) may
be considered a wide sense stationary (WSS) and mean
ergodic (ME) random and stochastic process subject to t=m,
T (wherein, m /€7, T is a sampling period over time, and is
a related parameter for the stochastic process with a mean-
ingful range of n).

[0056] FIG. 3 shows an implementation of a multimodal
ensemble probability density function (PDF) 300, consistent
with one or more implementations of the present disclosure.
In different implementations, the ensemble PDF 300 may be
obtained via an ensemble-based estimation process from
corresponding epoch samples of the plurality of epochs 202.
Referring to FIG. 3, in some implementations, extracting the
kernel (the second step 120) may include estimating the
multimodal ensemble PDF 300 for the vector 208 by using
an expectation maximization (EM) technique for a Gaussian
mixture model (GMM) of the vector 208, and choosing a
sample of the vector 208 with a maximum value 302 in the
multimodal ensemble PDF 300 as the mode value 304 of the
vector 208. By synchronizing the plurality of epochs 202,
the multimodal ensemble PDF 300 can be obtained for
aligned epoch samples at each specific time t. By employing
the GMM along with the EM algorithm, multiple simple
Gaussian models may be combined in one complex and
ensemble multimodal PDF with two probable clusters.

[0057] FIG. 1D is a flowchart of an implementation of the
third step 122. In some implementations, extracting the
mother wavelet function (third step 122) may include fitting
a polynomial function to the kernel (a first step 124),
generating a wavelet scaling function from the polynomial
function (a second step 126), and generating the mother
wavelet function from the scaling function (a third step 128).

[0058] In some implementations, the kernel may have a
same length L as that of each of the plurality of epochs 202.
Based on the Nyquist theorem and a limited frequency
band-width of a discrete Fourier transform (DFT) of the
kernel, the kernel may be modified by a downsampling
procedure, considering Ke(e/)=0 for a frequency range
wy=lolsr, where Ke(e¢”) is a DFT of the kernel. To avoid
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aliasing, the downsampling may be accomplished with a rate

of M, and the kernel Ke(n) may be efficiently and smoothly
modified for

1.2 L
n=1,2,..., e
[0059] FIG. 4 shows an implementation of a resampled

kernel 400, consistent with one or more implementations of
the present disclosure. Referring to FIG. 4, in some imple-
mentations, fitting the polynomial function to the kernel (the
first step 124) may include generating the resampled kernel
400 by resampling the kernel with a given resampling rate,
generating a local maximum array 402, and fitting a
Lagrange polynomial function 404 to the local maximum
array 402. In an implementation, the local maximum array
402 may include a plurality of local maximum values of the
resampled kernel 400.

[0060] In an implementation, the local maximum array
402 may be formed for N distinct samples of y, as high-
density and high singularity samples. For the set of these
points, a unique Lagrange polynomial LKe (y) with a
maximum order of N-1 may be interpolated by

N
Lie(y) = Z{ ﬁ =)
i YYD

i=1

i

} Equation (1)

where Ke, is an i” local extremum for the corresponding y,,
and N is the length of polynomial coeflicients. Regarding the
order of interpolations, undesired oscillations and ampli-
tudes may occur between two successive samples y, and v, ;.
Therefore, in some implementations, LKe (y) may be nor-
malized into closed interval of [0,1], to achieve comparable
ranges, and a normalized function LKe,, may be obtained as
a deterministic interpolated polynomial of the resampled
kernel 400, with an order of N-1.

[0061] The normalized interpolated function of LKe,, may
be considered an orthogonal basis for expanding each the
plurality of epochs 202 S(GE,)EV,,, for arbitrary values of
i and the discrete time of t=m; T. In discrete wavelet
transform (DWT) computations, to avoid redundancy, scal-
ing and translation factors may be converted into discrete
forms of a=a,™ and b=nb,a,™ as the scaling and translation
parameters, respectively. Since in the dyadic scale of time-
frequency plane is assumed a,=2, m and n are used as
scaling and shifting factors, respectively. Therefore, each the
plurality of epochs 202 can be expanded by

“ _ ‘
$GE) =Y Cubr’T Eo iy by Equation (2
T orm

for r = m,T

where C,,, is a projection (decomposition) coeflicient of S
(t:€) on the sub-space V,,;, and (*) is the scaling function.
The parameter Norm is a normalization parameter. There-
fore, a prefect set of ¢={2’LKe, (2,-k)}, ,c, may be
selected as a set of orthonormal basis functions for each of
the plurality of epochs 202. The sub-space V,,, with the
orthonormal bases can be considered a separable Hilbert

space. Due to the following limitation for long-term signals:

lim Equation (3)
i

‘sm &)= 6we), w>-¢iH -0,
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a set of {¢,} can include basis {unctions for the sub-space
V4. This limitation demonstrates that for decomposing
each of the plurality of epochs 202 with regard to a limited
length L, a finite number of coeflicients can be sufficient.
According to discrete forms of the scaling and translation
parameters and Mallat’s nested spaces, a sub-space V, can be

defined as
V=Span{2/" “LRex(Py~k)} rez

[0062] According to the above discussion, in some imple-
mentations, generating the wavelet scaling function (the
second step 126) may include generating a function ¢(y)
according to an operation defined by

O)=2"p(2-k),

and normalizing the function @(y) such that ||jq(y)||=1, where
y is a variable, p(*) is the polynomial function, j and k are
integer parameters, and |*|| is an 1, norm operator.

[0063] FIG. 1E shows a flowchart of an implementation of
the third step 128. In some implementations, generating the
mother wavelet function may include generating a low-pass
filter from the wavelet scaling function (a first step 130),
generating a high-pass filter from the low-pass filter (a
second step 132), and generating the mother wavelet func-
tion from the high-pass filter (a third step 134).

[0064] In some implementations, generating the low-pass
filter (the first step 130) may include calculating an inverse
discrete Fourier transform (IDFT) of a function H(&/“)
satisfying a condition according to:

Equation (4)

Equation (5)

pe) = —— He'¥ plel%),

ﬁ /

where o is an angular frequency, and @(¢/*) is a discrete
Fourier transform (DFT) of the wavelet scaling function.
[0065] In an implementation, the wavelet scaling function
@(t) and the Fourier transform ¢(¢’®) may be compactly
supported functions with finite band-widths. The set of
orthonormal basis functions {g,},c, can be expanded by a
linear combination of computed scaling functions in a lower
sub-space, as

gi1-k)= Y W2 (2" 12k ~n) for r=m,7  Havation (©)

where h, is an n” coeficient of the low-pass filter. To
determine k,, some assumptions can be made as

Equation {7a),

D=V,

Z|hn|2 =1, and

n

RS H [ifl(eﬁ% )}Ca(ejo)
7 ,

k

Equation (7b),

Equation {7c),

where ¢(e”) is a DC level for the DFT of the (t) in the
frequency domain, and

Hiei) = Z hye~m
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for the low-pass filter. Accordlng to Equation (5), the
magnitude of H(¢) can be given by

@(gﬂ“) Equation (8)

|fitei)| = V2| —|
Plev)

[0066] Therefore, ﬁ(e’“’) can be obtained by numerical
calculations. In some implementations, based on the coef-
ficient V2 in Equations (5)-(8), the following relationship
can be assumed for H(¢®) at finite samples as a DFT
sequence for —m=m=r,

B P+IA(& @) P=2

[0067] Therefore, in some implementations, it can be
assumed that H(e’o) =2 and H(¢™)=0. As a result, h, can be
considered a periodic and causal finite impulse response
(FIR) low-pass filter.

[0068] Insome implementations, generating the high-pass
filter (the second step 132) may include calculating a func-
tion g(n) based on a DC offset according to an operation
defined by:

gm=(-17"h(N-1-n),

Equation (9).

Equation (10)

where n is a discrete time instant, N is an integer parameter,
and h(*) is an N-point low-pass finite impulse response (FIR)
filter.

[0069] Based on the Bochner’s theorem, a Fourier trans-
form of a kernel is known as a kernel in the RKHS.
Accordingly, based on

D 1ptw + ) = 1,

k

in some implementations, generating the mother wavelet
function (the third step 134) may include calculating a
function (e’*) according to an operation defined by:

Equation (11)

and calculating an IDFT of the function P(&?), where o is
an angular frequency, G( ) is a DFT of the high-pass filter,
and q(*) is a DFT of the wavelet scaling function.

[0070] In an implementation, the mother wavelet function
P(EW, can be defined over a complement space of W,
where V, LW, and these spaces may have one intersection
on Zero-vector with a definition of V,,,=V @W, as an error
of mapping in the sub-space V.

[0071] Referring again to FIG. 1B, the second step 114
may include extracting the COI of the wavelet transform.
FIG. § shows an implementation of a COI map 500. In some
implementations, the COI 502 may be obtained by applying
the mother wavelet function {(¢*) on a signal of the
plurality of signals 200. An implementation of'a COI 502 is
shown in FIG. 5. As shown in FIG. 5, in some implemen-
tations, the COI 502 may be conical shaped.

[0072] FIG. 6 shows an implementation of a plurality of
patterns 600 for modeling the COI 502. Each of the plurality
of patterns 600 may be described by a combination of
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Gaussian functions of a plurality of Gaussian functions 602.
For example, a pattern 604 of the plurality of patterns 600
may be described by a combination 606 of the plurality of
Gaussian functions 602.

[0073] According to FIG. 6, in some implementations,
generating the pattern (the third step 116) may include
calculating a function ptn/(t) according to an operation
defined by:

(u; j;z Equation (12)

where t is a time instant, l=<i<l and ls<j<] are integer
parameters, I and J are given integer constants, C, €{-1, 1}
is a given constant associated with the pattern, u,, is a given
mean value of the function ptn/(t), o, is a standard devia-
tion of the function ptn/(t), and 0, 1s a variance of the
function ptn/(t). The integer constant I may define the
number of the plurality of patterns 600, and the integer
constant ] may define the number of Gaussian functions in
the combination 606. In an implementation, Ag, ; may be
determined based on a width 608 of a band 610 of a plurality
of bands 612 in each of the plurality of patterns 600, and y, ,
may determine an overlap percentage of successive Gauss-
ian functions of Equation (12) in the combination 606. In
another implementation, positive or negative amplitudes
may be determined for each of the Gaussian functions by the
constant C, ;.

[0074] FIG. 1F is a flowchart of an implementation of the
third step 106. In some implementations, extracting the
plurality of features (the third step 106) may include calcu-
lating a plurality of pattern arrays by applying the pattern
604 of the plurality of patterns 600 on a signal of the
plurality of signals 200 (a first step 136), calculating a
plurality of similarity values by measuring a similarity
between successive pattern samples of a pattern array of the
plurality of pattern arrays (a second step 138), and extracting
a feature of the plurality of features from the plurality of
similarity values based on a dispersion of the plurality of
similarity values (a third step 140).

[0075] FIG. 7 shows an implementation of calculating the
plurality of pattern arrays by applying the pattern 604 on a
signal 700 (the first step 136). In some implementations,
calculating the plurality of pattern arrays (the first step 136)
may include calculating a pattern array Pat; of the plurality
of pattern arrays according to an operation defined by:

J L A% . Equation (13)
Pai;(l) = Z v Z Pt (1).5,(0)
8. s
= r*l‘[,j—A%-H

where i, j, and | are integer parameters, and S(t) is an 1
segment of the signal 700. According to Equation (13), in an
implementation, an 1 pattern sample of the pattern array
Pat, may be calculated by employing function ptn/(t) on the
segment S,(t) of the signal 700. To obtain the next pattern
sample, the function ptn/(t) may be shifted on the signal
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700. Consequently, a separate pattern array of the plurality
of pattern arrays may be obtained for each of the plurality of
patterns 600.

[0076] In some implementations, calculating the plurality
of similarity values (the second step 138) may include
calculating a similarity value of the plurality of similarity
values according to an operation defined by:

CIM(m)=y Kr(0)-P(Pat, (1), Pat (I+1)),

where n is an integer variable, Kr(*) is a Gaussian kernel,
and V(Pat(l),Pat(1+1))=E {Kr(Pat()-Pat(1+1))}, where
Pat(1) is an 17 pattern sample of an i”* pattern array of the
plurality of pattern arrays, Pat,(1+1) is an (I+1)* pattern
sample of the i pattern array of the plurality of pattern
arrays, and B{ } is an expectation operator. In an example,
the Gaussian kernel may be defined by

Equation(14)

where X is a variable and o is a Gaussian kernel standard
deviation. In some cases, the Gaussian kernel may satisfy
the Mercer’s theorem.

[0077] According to Equation (14), in different implemen-
tations, the similarity value (CIM) may be calculated for
every two successive pattern samples of Pat,(1) and Pat,(1+1),
to evaluate dynamic ranges of the seizure and non-seizure
signals. Therefore, this procedure may be repeated for every
successive pair of the plurality of pattern arrays. In the end,
the CIM series may be calculated based upon each of the
plurality of patterns 600. The CIM measure may be consid-
ered a non-linear similarity-based measure between two
random variables, based on the definitions of correlation and
entropy. In other implementations, the CIM may be a
non-negative, symmetric measure, and may be robust
against outlier samples calculated from shifting procedures.
[0078] FIG. 8 shows an implementation of a Poincaré-
based map 800, consistent with one or more implementa-
tions of the present disclosure. In some implementations,
extracting the feature (the third step 140) may include
plotting the Poincaré-based map 800 for the plurality of
similarity values, fitting an ellipse 802 to the Poincaré-based
map 800 by using a least squares (LS) technique, and
calculating the feature according to an operation defined by:

LR(i) Equation (15)

CEF() = o

where 1 is an integer variable associated with the feature
CEF(i), LR(i) is a first radius 804 of the ellipse 802, and
SR(1) is a second radius 806 of the ellipse 802. The ellipse
802 may include a first axis 808 and a second axis 810. In
an implementation, the first radius 804 may be along the first
axis 808, and the second radius 806 may be along the second
axis 810. In an example, the parameter i may correspond to
the pattern 604. Equation (15) may define a dispersion
criterion concluded from the mapped CIM data to the
Poincaré-based map 800. In different implementations, a
separate value for the feature CEF (i) may be extracted from
each segment of the signal 700 for each of the plurality of
patterns 600.
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[0079] Referring to FIG. 8, in an implementation, for each
of the plurality of patterns 600, the Poincaré-based map 800
of CIM (n+1) may be plotted based on an alternating flip of
CIM (n). The Poincaré-based map 800 may be used for
distinguishing chaotic and random behavior of the CIM
series. In different implementations, the LS estimation tech-
nique may be employed for error minimization on a conve-
nient cost function to fit the ellipse 802 with a minimum
error on the Poincaré-based map 800 from the CIM series.

[0080] To achieve an acceptable time of processing, a
suitable order of complexity, and acceptable detection and
prediction performances, the parameters and structures of
different stages of the method 100 may be optimized. In
some implementations, optimizing the plurality of patterns
and the plurality of features (the third step 106) may include
repeating an optimization process until a termination con-
dition is satisfied. In an implementation, the termination
condition may include one of a number of repetitions of the
optimization process reaching a repetition threshold and a
convergence error being smaller than a convergence thresh-
old. In other words, the optimization process may be termi-
nated if variations of optimized values for the plurality of
patterns and the plurality of features in successive repeti-
tions of the optimization process become smaller than the
convergence threshold, or the number of the repetitions of
the optimization process exceeds the repetition threshold.

[0081] FIG. 9 is a flowchart of an implementation of the
optimization process 900. In some implementations, the
optimization process may include generating a plurality of
variance candidates and a plurality of Gaussian kernel
standard deviation candidates for a plurality of integer
values of an integer parameter k=[1,N,] (a first step 902),
where N, is the number of the plurality of variance candi-
dates, calculating a plurality of pattern function candidates
pty, Jk(t) for the plurality of integer values of the integer
parameter k (a second step 904), calculating a plurality of
pattern array candidates Pat* (a third step 906), calculating
a plurality of similarity value candidates CIM,*(n) for the
plurality of integer values of the integer parameter k (a
fourth step 908), extracting a plurality of feature candidates
from the plurality of similarity value candidates (a fifth step
910), classifying each of the plurality of feature candidates
in the seizure class and the non-seizure class by applying an
Elman recurrent neural network classifier on the plurality
feature candidates (a sixth step 912), calculating a cost
function CF(k) for classification results of the Elman recur-
rent neural network classifier for each of the plurality of
integer values of the integer parameter k (a seventh step
914), calculating a plurality of probability values P<(%) for
a plurality of auxiliary parameters 8 (an eighth step 916),
extracting a probability values subset from the plurality of
probability values (a ninth step 918), selecting a first integer
value D, ., from the plurality of integer values (a tenth step
920), selecting a second integer value D, from the plu-
rality of integer values (an eleventh step 922), splitting the
plurality of auxiliary parameters & into a first auxiliary
parameters subset and a second auxiliary parameters subset
(a twelfth step 924). replacing the second auxiliary param-
eters subset with the first auxiliary parameters subset (a
thirteenth step 926), generating an updated plurality of
auxiliary parameters (a fourteenth step 928), replacing the
plurality of auxiliary parameters with the updated plurality
of auxiliary parameters (a fifteenth step 930), calculating an
optimized parameter value by averaging the plurality of
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auxiliary parameters (a sixteenth step 932), and calculating
the convergence error by calculating a difference of a
maximum value of the plurality of auxiliary parameters and
a minimum value of the plurality of auxiliary parameters (a
seventeenth step 934).

[0082] In some implementations, calculating the plurality
of pattern function candidates (the second step 904) may

include calculating ptn, Jk(t) according to a set of operations
defined by:

(,,ul.'j)ﬁ Equation (16)

where t is a time instant, l<i<l and l<j<] are integer
parameters, and o, J’kz is a variance candidate of the plurality
of variance candidates.

[0083] In different implementations, calculating the plu-
rality of pattern array candidates (the third step 906) may
include calculating Pat/ according to a set of operations
defined by:

Equation (17)

pint (0.5,(0)7,

SIS )

n Agi ;

where Pat*(1) is an 1 pattern sample candidate of an i”

pattern array candidate of the plurality of pattern array
candidates.

[0084] In an implementation, calculating the plurality of
similarity value candidates (the fourth step 908) may include
calculating CIM,*(n) according to a set of operations defined
by:

CLH )2V (K0~ PF(Rat () Pat 1+1))) Equation (18)

where n is an integer variable, and Kr() is a Gaussian
kernel candidate of a plurality of Gaussian kernel candi-
dates. In an example, the Gaussian kernel candidate may be
defined by:

o2 Equation (19)

where x is a variable and o, is a Gaussian kernel standard
deviation candidate of the plurality of Gaussian kernel
standard deviation candidates, and

PR (Pat/ (1), Pat/ {1+ 1))=E{Kr*(Pat(1)-PatF(+1))}.

[0085] In some implementations, the sixth step 912 may
include applying the Elman recurrent neural network clas-
sifier on the plurality feature candidates. The Elman classi-
fier may include a 2-layer back propagation system with a
feedback from an output of a hidden layer to its input. The
feedback may facilitate recognition of temporal patterns and
vectors with time-variant structures. In an example, the
Elman classifier may classify the plurality of feature candi-
dates to the seizure class and the non-seizure class. In a case,
by employing an Nguyen-Widrow function, weights and

Equation (20)
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biases may be initialized and the Elman classifier may be
trained for classification. In addition, the cost function CF(k)
may be defined as a mean square error (MSE) of Elman
classification results at each iteration of the optimization
process 900.

[0086] In some implementations, calculating the plurality
of probability values (the eighth step 916) may include
calculating PX(8*) according to a set of operations defined
by:

(8% CF (k) Equation (21)

N
z (3 .CF k)ﬁ

Py =

where o and f are given constants that may be meta-
heuristic and may be arbitrarily selected. In different imple-
mentations, these parameters may be optimized iteratively
for selecting a best state in the optimization process 900. In
an implementation, o may be set to 3 and f} may be set to
2 to achieve a small classification error. The plurality of
auxiliary parameters 8 may be associated with the plurality
of integer values of the integer parameter k, and ma} include
one of the plurality of variance candidates o, 2 and the
plurality of Gaussian kernel standard deviation candidates
0. In an example, the cost function CF(k) may be consid-
ered as a part of fitness-function to evaluate the optimization
process 900.

[0087] Inan implementation, the probability values subset
may include a probability value of the plurality of probabil-
ity values, and may be larger than half of the plurality of
probability values. In a case, the first integer value D,,,;,, may
be associated with a first element with a minimum value in
the probability values subset, and the second integer value
D,... may be associated with a second element with a
maximum value in the probability values subset. In different
implementations, an auxiliary parameter in the first auxiliary
parameters subset may be associated with the probability
value.

[0088] In some implementations, generating the updated
plurality of auxiliary parameters (the fourteenth step 928)
may include combining the first auxiliary parameters subset
and the second auxiliary parameters subset to obtain the
updated plurality of auxiliary parameters, and updating each
of the updated plurality of auxiliary parameters according to
an operation defined by:

LVRA(D ins Dinax
6fww =[5+ #
N

Equation (22)
—ay |,

where a,, and b,, are normalization parameters and LVRA
(D550 00a) 18 @ random number between the first integer
value D, ,, and the second integer value D, .. In an imple-
mentation, the random number LVRA(D,,...D,,..) may be
generated by using a Las Vegas randomized algorithm.

[0089] Referring again to FIG. 1A, in some implementa-
tions, the fifth step 110 may include applying the plurality of
cascaded AdaBoost classifiers on the plurality of features. In
an implementation, a positive class by label ‘1’ may be
assumed for the seizure class, and a negative class by label
‘-1’ may be assumed for the non-seizure class. In addition,
each of the plurality of cascaded AdaBoost classifiers may
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be properly trained based on some limitation hypotheses
around weak learner functions. Each weak classifier may be
selected based on a detection error. In an example, the
detection error may be less than 0.5 (g,,<'%). In a next stage
of learning, a confidence coeflicient &,, may be computed as
a performance measure for each weak classifier. Further-
more, the weights of the plurality of cascaded AdaBoost
classifiers may be iteratively updated by employing a nor-
malization factor such that the summation of all weights
equal 1 per iteration. Henceforward, this algorithm may be
repeated to satisfy the stopping condition of &,,<%2 in the
weak classifiers. In an implementation, a final employed
strong decision function may be based on a linear combi-
nation of weak classifier functions. In different implemen-
tations, a cascade structure may be employed and a sub-
feature vector may be passed from all stages. In another
implementation, the cascade structure may recognize a label
of an input signal as a seizure or a non-seizure signal.

[0090] Referring again to Equation (12), in some imple-
mentations, the plurality of cascaded AdaBoost classifiers
may be used for determining the value of y,, based on
suitable overlaps of the Gaussian functions in the combina-
tion 606. In an example, the plurality of cascaded AdaBoost
classifiers may be evaluated for different values of the
overlaps and different numbers of the plurality of cascaded
AdaBoost classifiers. For example, by using a trial and error
approach on the plurality of cascaded AdaBoost classifiers,
the value of k¥ may be set to 0.1, and the number of the
plurality of cascaded AdaBoost classifiers may be set to 41.

[0091] FIG. 10 shows a block diagram of an implemen-
tation of a system 1000 for detecting and predicting an
epileptic seizure. In some implementations, the system may
include an acquisition unit 1002, a processing unit 1004, a
decision unit 1006, and a monitoring unit 1008. In an
implementation, the acquisition unit 1002 may include a
plurality of electroencephalography (EEG) electrodes con-
nected to a scalp of a patient. The plurality of EEG elec-
trodes may include an EEG electrodes subset. In an imple-
mentation, the EEG electrodes subset may be configured to
acquire a plurality of EEG signals via a plurality of EEG
channels, and to band-pass filter each of the plurality of EEG
signals based on a Kaiser-Bessel windowing procedure. In
another implementation, the processing unit 1004 may be
configured to calculate a wavelet transform of an EEG signal
of the plurality of EEG signals, extract a cone of influence
(COI) of the wavelet transform, generate a pattern according
to the COI, calculate a plurality of pattern arrays by applying
the pattern on the EEG signal, calculate a plurality of
similarity values by measuring a similarity between succes-
sive sample of a patent array of the plurality of pattern
arrays, extract a feature of the plurality of features from the
plurality of similarity values based on a dispersion of the
plurality of similarity values, and classify the EEG signal in
a class of a plurality of classes by applying a plurality of
cascaded AdaBoost classifiers on the plurality of features. In
an example, the plurality of classes may include a seizure
class and a non-seizure class. In some implementations, the
decision unit 1006 may be configured to determine a medi-
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cal treatment according to the class of the EEG signal. In
other implementations, the monitoring unit 1008 may be
configured to monitor variations of the EEG signal and send
a feedback to the decision unit and the acquisition unit
according to the variations of the EEG signal.

[0092] In different implementations, the acquisition unit
1002 may be configured to update the EEG electrodes subset
by replacing an element in the EEG electrodes subset with
an EEG electrode of the plurality of EEG electrodes accord-
ing to the feedback from the monitoring unit 1008 unit. In
addition, the decision unit 1006 may be configured to update
the medical treatment according to the feedback from the
monitoring unit 1008.

[0093] In different implementations, there may exist an
optimal EEG electrodes subset for generating an optimal
mother wavelet function for seizure detection and predic-
tion. The optimal EEG electrodes subset may be chosen
based on the history of the patient in seizure focus, age, type
of epileptic seizure, and the number of involved EEG
channels. In some implementations, the system 1000 may be
tested on a new patient with a different type of epileptic
seizure disorder. Based on the results, the EEG electrodes
subset may be modified to achieve a new optimal EEG
electrodes subset, and consequently a new optimal mother
wavelet function for the new patient.

[0094] In some implementations, the processing unit 1004
may be implemented on a customized digital signal pro-
cessing (DSP) unit, for example a field programmable gate
array (FPGA), to increase the processing speed. According
to Equation (15), the number of features may be selected
equal to the number of the plurality of patterns 600. In some
implementations, a limited number of patterns (for example,
four patterns in FIG. 6) may efficiently describe different
variations of seizure and non-seizure states of EEG signals.
Therefore, in different implementations, the number of fea-
tures may be considerably reduced, compared to the number
of features in conventional seizure detection systems. More-
ovet, since the wavelet transform may indirectly influence
the seizure detection process through the plurality of pat-
terns 600, the wavelet calculations for feature extraction
may be removed, resulting in a reduction of required adders
and multipliers for FPGA implementation of the processing
unit 1004. Therefore, in an implementation, an optimal
FPGA implementation of seizure detection may be obtained
in terms of computations and speed.

Example 1

[0095] In this example detecting an epileptic seizure from
multichannel EEG signals via an implementation of the
method 100 is demonstrated. Scalp EEG signals were col-
lected from 23 pediatric patients. The subjects had intrac-
table seizure disorders and had been waiting to make an
interventional decision for surgery actions. This dataset
included 844 hours of the EEG signals and 163 seizure
attacks with sampling frequency of 256 Hz and 16-bit
resolution. The dataset was divided into two separated
subsets. The first subset was used for extracting a mother
wavelet function, and the second subset was used for design-
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ing an implementation of the method 100. Therefore,
approximately 50% of the dataset with 18-channel EEG
signals was selected randomly for the first subset. The
remaining EEG signals of this dataset with 7-channel (se-
lected as optimal channels) were applied to evaluate the
method 100, and also for designing an implementation of the
optimization process 900.

[0096] With regard to the unbalanced dataset and window-
by-window signal segmentation, the ratio of the seizure to
non-seizure epochs was selected approximately equal to the
original EEG dataset to provide real and operational condi-
tions in the evaluation of the method 100.

[0097] The sampling frequency of based on an A/D con-
verter was 256 Hz with 16-Bit resolution. The duration of
the recordings in the dataset was about 1 hour. Each of the
recorded EEG signals was segmented into 30 second
epochs. In addition to hardware filtering, to enhance the
signal to noise ratio, a Kaiser-Bessel windowing procedure
was employed after signal acquisition.

[0098] Based on the international 10-20 montaging system
and bi-polar electrodes on the subjects’s scalp, an 18-chan-
nel collection of ‘FP1-F7°, ‘F7-17°, “T7-P7°, ‘P7-O1°*FP1-
F3°, ‘F3-C3°, ‘C3-P3’, ‘P3-O1’, ‘FP2-F4’, ‘F4-C4’, ‘C4-
P4’, ‘P4-02°, ‘FP2-F8’, ‘F8-T8’, ‘T8-P%’, ‘P8-02°, ‘F7Z-
CZ, and ‘CZ-PZ’ was considered as the first collection.

[0099] To design a seizure detection system and also to
increase the generalization capability for detecting various
seizure types in different patients, seven channels of ‘FP1-
F7°, ‘FP2-F§’, ‘C3-P3’, ‘C4-P4’, ‘FZ-O1’, ‘P3-O1’ and
‘P8-O2’ were selected. By using these pairs of electrodes,
the summation of nerve cells activities contaminated all over
the brain, especially for an epileptic seizure attack, may be
described.

[0100] Referring again to FIG. 6, in this example, the
plurality of patterns 600 and the plurality of Gaussian
functions 602 were selected as the diagrams shown in FIG.
6. The number of the plurality of patterns 600 were set to 4,
and each of the plurality of patterns 600 were described by
a combination of 5 Gaussian functions. Corresponding to the
number of the plurality of patterns 600, four pattern arrays
were calculated by:

Equation (23)

5 b
1 Lo
Par(l) = Z lm’zl pir (£ = a; + 1S (0 |,

=1 =aj

where S, , (t) is a j part of an 1” segment of an EEG signal
S,(t), corresponding to a j* band of each of the plurality of
patterns 600 (represented in FIG. 6 by the band 610), a; is a
i element of the vector a, given by:

a=

L(L -A+]D), {14—2 Lj—i Aj],
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-continued

and b, is a i element of the vector b, given by:

b=

2 3 2
L. (Z Lj—Al], (Z L=y Aj],
=1 =1 1

5

.M‘“‘

:

where L, is the length of the Gaussian function ptn/(t), and
A, is a length of an overlapping part of ptn/(t) and ptn/*'(1).
The parameters 2, and b, determine the length of each of the
plurality of Gaussian functions 602 that is applied on S,(t).
Comparing Equation (23) with Equation (13) shows that
Ag, ~=Ib~a+1l in this example. FIG. 11 is a schematic
representing the relationship betweena, and b, for 1sj<J with
respect to [, and A

[0101] FIG. 12 shows four 30-second epochs (totally 2
minutes) on the 7 selected channels of the EEG signals as an
example of detection results and patient’s monitoring. The
first two epochs 1202 belonged to the non-seizure class and
the second two epochs 1204 belonged to the seizure class.
For each epoch of these time-series, a plurality of averaged
values 1206 of the feature CEF(i) over the 7 channels, and
a plurality of decision classification results 1208 for each
epoch are shown in FIG. 12. In this example, the method 100
was implemented on a personal computer (PC) with an Intel
Core i7 CPU and a 6 GB of RAM, resulting in a computation
time of about 0.168 seconds per each 30-second epoch for
analyzing and classifying each epoch in the seizure and
non-seizure classes.

[0102] To evaluate the performance of the method 100, a
number of measures including true positive (TP) for cor-
rectly classified seizure (positive), true negative (TN) for
correctly classified non-seizure (negative) samples, false
positive (FP) for incorrectly classified seizure samples, and
false negative (FN) for incorrectly classified non-seizure
samples, were used.

[0103] Table 1 includes a definition of each of the plurality
of measures. Referring to Table 1, the accuracy rate (ACC)
is a convenient measure for a normal distributed dataset with
a balance ratio between two categories. To test the repeat-
ability and reproducibility of a test valuation, the precision
rate and recall (or sensitivity) rate are frequently used. To
analyze a seizure detection performance on an unbalanced
EEG dataset, other tools such as G-Mean, Fi-Score and Van
Rijsbergen’s effectiveness measures are applied. In Table 1,
the Van Rijsbergen’s effectiveness measure is calculated
based on a parameter o~=1/(1+f%), where B=1 in this
example. Type I and Type II errors, borrowed from statistical
hypothesis testing, are defined based on recall and specific-
ity. In addition to the plurality of measures, in Table 1, a false
detection rate (FDR) per hour (h™") is also used for evalu-
ating the method 100 in this example. Table 2 shows the
classification result and the mean value of the averaged
values 1206 over all of the plurality of patterns 600, for each
epoch. Table 3 shows the averaged evaluation results of the
method 100 on multiple EEG channels according to the
measure of Table 1 in this example.

4 3 5
L=y al (> L-
moom )=
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TABLE 1
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The measures for evaluating the method for detecting and predicting seizure.

Measure Formulation Measure Formulation
Accuracy Rate TP+ TN F,-Score ., Precision-Recall
TP +TN+FP+FN “" Precision + Recall
Precision Rate TP Van Rijsbergen’s 1
TP+ TP effectiveness - ™ 1—a
measure Precision * Recall
Recall TP Type I Error TN FP
(Sensitivity Rate) TP+ EN 1- TIN+IP TN+IP
“Specificity
G-Mean ‘/1\Sen51t1V1tnype01ﬁmty Type II Error TP FN
1 =
TP+FEN TP+FN
Recall
TABLE 2
Classification result and mean value of CEF for each epoch.
Epoch 1 Epoch 2 Epoch 3 Epoch 4
Feature  Detection Feature Detection Feature Detection Feature Detection
values results values results values results values results
1.0501 TN 1.0516 N 0.3391 TP 0.4028 TP
TABLE 3
Average evaluation results of the method for detecting and predicting seizure.
Van
Rijsbergen’s
Precision Recall Accuracy F-Score G-Mean Typel 'Type II Effectiveness FDR
(%) (%) (%) (%) (%) Error  Error Measure  (h7")
97.40 93.56 91.67 95.44 68.35 04047 0.0648 0.0456 0.015
Example 2 original epoch 1300 from a seizure state, and FIG. 16 shows
) ) ) ) a second segment 1600 of the original epoch 1300 from a
[0104]  In this example, creating an implementation of the o seizure state. FIG. 17 shows a first reconstructed sample

mother wavelet function from a first EEG signal and recon-
structing the first EEG signal using a corresponding discrete
wavelet transform (DWT) is demonstrated. The first EEG
signal is recorded from a 9-year-old female patient for
approximately 31 hours using one model of channel mon-
taging system and 31 separated recordings with 3 seizure
events.

[0105] FIG. 13 shows an original epoch 1300 that is
obtained by windowing the first EEG signal from an FZ-CZ
EEG channel for 60 seconds (i.e., 15360 samples based on
a sampling frequency of 256 Hz and a 16-bit resolution). The
original epoch 1300 is selected so that the non-seizure,
seizure and also an onset event (a non-seizure to a seizure
transition state) are observable in the original epoch 1300.
After some preprocessing such as applying a band-pass
filter, the original epoch 1300 is prepared for processing.

[0106] FIG. 14 shows a reconstructed epoch 1400 that is
obtained by applying the DWT in 1-level of decomposition
and perfect reconstructing the original epoch 1300 by an
inverse DWT. FIG. 15 shows a first segment 1500 of the

1700 of the first segment 1500, and FIG. 18 shows a second
reconstructed sample 1800 of the second segment 1600. The
total MSE of the reconstruction is 8.9x10~* and the absolute
value of the averaged error per sample is 2.1x1072 for the
original epoch 1300.

Example 3

[0107] In this example, creating an implementation of the
mother wavelet function from a second EEG signal and
reconstructing the second EEG signal using a corresponding
DWT is demonstrated. The second EEG signal recorded is
from a 3-year-old male patient for approximately S50 hours
using one model of channel montaging system and 25
separated recordings with 7 seizure events.

[0108] FIG. 19 shows an original epoch 1900 that is
obtained by windowing the second EEG signal from a
C3-P3 EEG channel for 60 seconds (i.e., 15360 samples
based on a sampling frequency of 256 Hz and a 16-bit
resolution). The original epoch 1900 is selected so that the
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non-seizure, seizure and also an offset event (a seizure to a
non-seizure transition state) are observable in the original
epoch 1900.

[0109] FIG. 20 shows a reconstructed epoch 2000 that is
obtained by applying the DWT in 1-level of decomposition
and perfect reconstructing the original epoch 1900 by an
inverse DWT. FIG. 21 shows a first segment 2100 of the
original epoch 1900 from a non-seizure state, and FIG. 22
shows a second segment 2200 of the original epoch 1900
from a seizure state. FIG. 23 shows a first reconstructed
sample 2300 of the first segment 2100, and FIG. 24 shows
a second reconstructed sample 2400 of the second segment
2200. The total MSE of the reconstruction is 3.3x10~> and
the absolute value of the averaged error per sample is
8.4x107 for the original epoch 1900.

[0110] While the foregoing has described what are con-
sidered to be the best mode and/or other examples, it is
understood that various modifications may be made therein
and that the subject matter disclosed herein may be imple-
mented in various forms and examples, and that the teach-
ings may be applied in numerous applications, only some of
which have been described herein. It is intended by the
following claims to claim any and all applications, modifi-
cations and variations that fall within the true scope of the
present teachings.

[0111] Unless otherwise stated, all measurements, values,
ratings, positions, magnitudes, sizes, and other specifica-
tions that are set forth in this specification, including in the
claims that follow, are approximate, not exact. They are
intended to have a reasonable range that is consistent with
the functions to which they relate and with what is custom-
ary in the art to which they pertain.

[0112] The scope of protection is limited solely by the
claims that now follow. That scope is intended and should be
interpreted to be as broad as is consistent with the ordinary
meaning of the language that is used in the claims when
interpreted in light of this specification and the prosecution
history that follows and to encompass all structural and
functional equivalents. Notwithstanding, none of the claims
are intended to embrace subject matter that fails to satisfy
the requirement of Sections 101, 102, or 103 of the Patent
Act, nor should they be interpreted in such a way. Any
unintended embracement of such subject matter is hereby
disclaimed.

[0113] Except as stated immediately above, nothing that
has been stated or illustrated is intended or should be
interpreted to cause a dedication of any component, step,
feature, object, benefit, advantage, or equivalent to the
public, regardless of whether it is or is not recited in the
claims.

[0114] It will be understood that the terms and expressions
used herein have the ordinary meaning as is accorded to such
terms and expressions with respect to their corresponding
respective areas of inquiry and study except where specific
meanings have otherwise been set forth herein. Relational
terms such as first and second and the like may be used
solely to distinguish one entity or action from another
without necessarily requiring or implying any actual such
relationship or order between such entities or actions. The
terms “comprises,” “comprising,” or any other variation
thereof, are intended to cover a non-exclusive inclusion,
such that a process, method, article, or apparatus that com-
prises a list of elements does not include only those elements
but may include other elements not expressly listed or
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inherent to such process, method, article, or apparatus. An
element proceeded by “a” or “an” does not, without further
constraints, preclude the existence of additional identical
elements in the process, method, article, or apparatus that
comprises the element.
[0115] The Abstract of the Disclosure is provided to allow
the reader to quickly ascertain the nature of the technical
disclosure. It is submitted with the understanding that it will
not be used to interpret or limit the scope or meaning of the
claims. In addition, in the foregoing Detailed Description, it
can be seen that various features are grouped together in
various implementations. This is for purposes of streamlin-
ing the disclosure, and is not to be interpreted as reflecting
an intention that the claimed implementations require more
features than are expressly recited in each claim. Rather, as
the following claims reflect, inventive subject matter lies in
less than all features of a single disclosed implementation.
Thus, the following claims are hereby incorporated into the
Detailed Description, with each claim standing on its own as
a separately claimed subject matter.
[0116] While various implementations have been
described, the description is intended to be exemplary, rather
than limiting and it will be apparent to those of ordinary skill
in the art that many more implementations and implemen-
tations are possible that are within the scope of the imple-
mentations. Although many possible combinations of fea-
tures are shown in the accompanying figures and discussed
in this detailed description, many other combinations of the
disclosed features are possible. Any feature of any imple-
mentation may be used in combination with or substituted
for any other feature or element in any other implementation
unless specifically restricted. Therefore, it will be under-
stood that any of the features shown and/or discussed in the
present disclosure may be implemented together in any
suitable combination. Accordingly, the implementations are
not to be restricted except in light of the attached claims and
their equivalents. Also, various modifications and changes
may be made within the scope of the attached claims.
What is claimed is:
1. A method for creating a mother wavelet function, the
method comprising:
preparing a plurality of vectors;
extracting a kernel from the plurality of vectors, the kernel
including a mode value of a vector of the plurality of
vectors; and
extracting the mother wavelet function from the kernel.
2. The method of claim 1, wherein preparing the plurality
of vectors includes:
preparing a plurality of signals including a plurality of
samples;
extracting a plurality of epochs from the plurality of
signals, the plurality of epochs including a first epoch
and a second epoch, each of the plurality of epochs
including a given number of samples of the plurality of
samples; and
extracting the plurality of vectors from the plurality of
epochs, each vector of the plurality of vectors including
a first sample of the first epoch and a second sample of
the second epoch.
3. The method of claim 2, wherein preparing the plurality
of signals includes:
acquiring a plurality of electroencephalography (EEG)
signals via a plurality of EEG channels;
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band-pass filtering each of the plurality of EEG signals
based on a Kaiser-Bessel windowing procedure; and

synchronizing the plurality of EEG signals by an event-
based approach.

4. The method of claim 1, wherein extracting the kernel
includes:

estimating a multimodal ensemble probability density

function (PDF) for the vector; and

choosing a sample of the vector with a maximum value in

the multimodal ensemble PDF as the mode value of the
vector.

5. The method of claim 4, wherein estimating the multi-
modal PDF includes using an expectation maximization
(EM) technique for a Gaussian mixture model (GMM) of the
vector.

6. The method of claim 1, wherein extracting the mother
wavelet function includes:

fitting a polynomial function to the kernel;

generating a wavelet scaling function from the polyno-

mial function; and

generating the mother wavelet function from the scaling

function.

7. The method of claim 6, wherein fitting the polynomial
function to the kernel includes:

generating a resampled kernel by resampling the kernel

with a given resampling rate;

generating a local maximum array including a plurality of

local maximum values of the resampled kernel; and
fitting a Lagrange polynomial function to the local maxi-
mum array.

8. The method of claim 6, wherein generating the wavelet
scaling function includes generating a function () accord-
ing to an operation defined by

Q(Y)=2"2p(Yy-k), where

Y is a variable;

p(*) is the polynomial function; and

j and k are integer parameters.

9. The method of claim 8, wherein generating the wavelet
scaling function further includes normalizing the function
(y) such that ||jp(y)||=1, where || is an 1, norm operator.

10. The method of claim 6, wherein generating the mother
wavelet function includes:

generating a low-pass filter from the wavelet scaling

function;

generating a high-pass filter from the low-pass filter; and

generating the mother wavelet function from the low-pass

filter.

11. The method of claim 10, wherein generating the
low-pass filter includes calculating an inverse discrete Fou-
rier transform (IDFT) of a function Fl(e/*) satisfying a
condition according to:

ple) = —— (e (e

NG}

where w is an angular frequency, and ¢(¢/®) is a discrete
Fourier transform (DFT) of the wavelet scaling func-
tion.
12. The method of claim 10, wherein generating the
high-pass filter includes calculating a function g(n) accord-
ing to an operation defined by:
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gm)=(=1"h(N-1-n);

where n is a discrete time instant, N is an integer param-
eter, and h(*) is an N-point low-pass finite impulse
response (FIR) filter.
13. The method of claim 6, wherein generating the mother
wavelet function includes:
calculating a function (¢/*) according to an operation
defined by:

where:

o is an angular frequency,

G(') is a DFT of the high-pass filter, and

@(*) is a DFT of the wavelet scaling function; and
calculating an IDFT of the function {(¢/®).

14. A system for generating a mother wavelet function
from a plurality of electroencephalography (EEG) signals,
the system comprising:

an acquisition unit, configured to:

acquire the plurality of EEG signals via a plurality of
EEG channels, the plurality of EEG signals includ-
ing a plurality of samples,

band-pass filter each of the plurality of EEG signals
based on a Kaiser-Bessel windowing procedure, and

synchronize the plurality of EEG signals by an event-
based approach; and

a processing unit, configured to:

extract a plurality of epochs from the plurality of EEG
signals, the plurality of epochs including a first
epoch and a second epoch, each of the plurality of
epochs including a given number of samples of the
plurality of samples,

extract a plurality of vectors from the plurality of
epochs, a vector of the plurality of vectors including
a first sample of the first epoch and a second sample
of the second epoch,

estimate a multimodal ensemble probability density
function (PDF) for the vector by using an expecta-
tion maximization (EM) technique for a Gaussian
mixture model (GMM) of the vector,

extract a kernel from the plurality of vectars, the kernel
including a mode value of the vector, mode value
including a sample of the vector with a maximum
value in the multimodal ensemble PDF,

generate a resampled kernel by resampling the kernel
with a given resampling rate,

generate a local maximum array including a plurality of
local maximum values of the resampled kernel; and

fit a Lagrange polynomial function to the local maxi-
mum array,

generate a low-pass filter from the wavelet scaling
function,

generate a high-pass filter from the low-pass filter, and

generate the mother wavelet function from the low-pass
filter.
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