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Introduction: In this specific research study, a remarkably accurate and
significantly simplified approach has been presented.

Material and Methods: This research is encompasses three crucial stages.
Firstly, the length of the signal is effectively diminished to an optimal
magnitude through the utilization of a technique widely known as
windowing. This technique plays a pivotal role in reducing the signal to an
ideal size, ensuring the subsequent stages are executed with utmost
precision. Secondly, the pertinent features are extracted from the shortened
signal, specifically focusing on the Fractal Dimension, the Hurst Exponent,
and the Ratio of Determinism to Recurrence Rate. These features are chosen
due to the inherent nonlinear nature of the signal, as they provide valuable
insights into the complex patterns and structures present within. Lastly, the
extracted features undergo Logistic Regression, a widely employed
classification algorithm, to effectively categorize and classify them. This step
plays a crucial role in providing a clear and concise understanding of the
underlying characteristics of the signal.

Results: The implementation of the proposed method not only achieves an
outstanding accuracy rate of 99.66%, but it also exhibits a linear time
complexity, ensuring efficient processing. Additionally, this method leads to
a significant reduction in the length of EEG signals, which is of utmost
importance in practical applications.

Conclusion: The primary objective of this proposed method revolves
around the introduction of an online approach that can seamlessly integrate
into healthcare systems. This objective is derived from a comprehensive
analysis and evaluation of the obtained results, ensuring the method's
practicality and effectiveness are thoroughly assessed.
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INTRODUCTION

According to the World Health Organization
estimation, epilepsy is the most common
neurological disorder which 60 million of people in
the word have [1]. This disease is specified by brief
disruption of perception or behavior arising from
excessive synchronization of cortical neural network.
The original sign of epilepsy is repeated unprovoked
seizures. Electrical activity of the brain is evident in
the electroencephalogram (EEG) signals. Therefore,
the EEG signal is the most useful signal using in brain
clinical assessment and epilepsy detection. The
epileptic EEG signals submit in two state of abnormal
activities between two sequential seizures (Inter-

Ictal) and the activities during the seizures (Ictal). An
experienced neurologist can detect the step of
epilepsy by visual inspection of long duration of EEG
signals. Neurologist detection is prolix, tiresome and
intellectual. Therefore, an automatic system, which
could detect accurate between normal, inter-ictal and
ictal EEG signals is used for epilepsy detection.

The proposed methods for epilepsy detection is
divided to two general categories: two class problem
(normal and epilepsy) [2-4] and three class problem
(normal, inter-ictal and ictal). In order to risk
prevention for epileptic people, it is better to detect
the step of disease. Therefore, three class epilepsy
detection has more importance and difficulty.
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The main EEG analysis methods are time domain,
frequency domain, time-frequency domain, and
nonlinear methods. Among these methods, nonlinear
methods and time-frequency related techniques
resulted in higher accuracies [5]. Multiple nonlinear
methods have been suggested because of nonlinear
nature of EEG signals. Guler et al. used largest
lyapunov exponent (LLE) as a feature in a feed-
forward neural network and recurrent neural
network (RNN). RNN resulted better accuracy 96%
[6]. Ghosh-Dastidar et al. also used nonlinear
features: standard deviation, fractal dimension and
largest lyapunov exponent given from wavelet
decomposition of EEG signals into alpha, beta, delta,
theta and gamma sub-bands. Mixed-band feature
have been resulted 96.7% accuracy in Levenberg-
Marquardt back propagation neural network [7].
Nonlinear features based on high order spectra,
approximate entropy, sample entropy, fractal
dimension and Hurst exponent were extracted from
EEG segments of 6 seconds duration by Acharya et al.
These features are leading to 99.7% accuracy in fuzzy
classifier [8]. They also decomposed segments of EEG
into wavelet coefficients by wavelet packet
decomposition (WPD), and then they extracted
eigenvalues from the wavelet coefficients by using
PCA. These features resulted accuracy of 99% in
gaussian mixture model (GMM) [9]. Orhan et al.
decomposed EEG signals into constitutive frequency
sub-bands using discrete wavelet transform. They
calculated probability distribution for each sub-band
by K nearest neighbor (KNN). Afterward these
outputs fed to a multilayer perceptron neural
network and detect the steps of epilepsy by an
accuracy equal to 96.67% [10].

Explained methods and many other methods have
been focused on accuracy increase. Many of two class
methods obtained this goal but in three class
problems, it is more complex because of resemblance
between inter-ictal and ictal signals. New methods,
which we explained, reached higher accuracy in
classification but those methods have high time and
computational complexity. Although machine
learning algorithms are very successful in seizure
detection, the biggest shortcomings are the need of
training and the relatively high computational cost
[11]. To use an epilepsy detection method in health
care systems, we should reached both accuracy
increase and complexity decrease. Some novel
methods try to aim both goals, which we discuss here.
Kolekar et al. extracted Symbolic entropy, Lempel-Ziv
complexity and sample entropy and used LSSVM
classifier. Low computational complexity and more
accuracy for real time epileptic seizure detection are
the main advantages of their suggested method. Their
reason for low computational complexity is that it
isn’t necessary to decompose the EEG signal and the
highest accuracy they achieved is 90% [12]. In
another work with fast computing and low

complexity the DD-DWT is explored to decompose
EEG signals into numerous details at various
resolutions. Then tow extracted features HE and
FuzzyEn from decomposed EEG signals fed to
support vector machine which is optimized by Li et al.
and gained low computational efficiency and 99.6%
accuracy in this method [13]. Aldabbagh et al.
presents a low computational complexity algorithm
for two class epilepsy classification. They use a
combination of a finite impulse response (FIR) filter
to smooth out the signal and a signal thresholding
step to detect abnormal segments. The system has
been tested on seven subjects each with more than 25
hours of recorded data, resulting in an average
sensitivity of 97% [14].

Such methods try to decrease computational
complexity and increase detection accuracy. High
accuracy was obtained in multiple works but
decreasing complexity is more difficult. All the
researches with low computation use accurate
classifiers with low complexity but we also reduce
EEG signal length to speed up all the other phases
processing.

MATERIAL AND METHODS

Data

The EEG dataset used in this study belong to
Department of Epileptology of Bonn University thatis
available at their website. The database consists of
five subsets marked as A, B, C, D, and E. Each subset
contains 100 single channel EEG segments of 23.6 s
duration, which are sampled at the rate of 173.61 Hz
and passed from 0.53-40 Hz Band-pass filter. Also, all
EEG signals were recorded by the 128-channel
amplifier system with a common average reference
and digitized at 12-bit A/D resolution [15]. Sets A and
B include EEG segments recordings belong to five
healthy persons using a standardized electrode
placement scheme (Fig 1). The eyes of persons of set
A were open and they were awake and the eyes of
persons of set B were closed. Sets C, D, and E were
from EEG archive of pre-surgical diagnosis. Sets C and
D contained brain activities between successive
seizures and set E includes brain activities during
seizures [16]. We implemented our suggested
method using Matlab 2012a and R.

Fig 1: The international 10-20 system
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Method

Block diagram of our suggested algorithm is shown in
Fig 2. Intended algorithm consists of two separate
parts: offline and online. In online part we reduce EEG
signal length and train an artificial system by
appropriate features extracted from them, afterward
we test the system in offline part.

EEG signal EEG signal EEG signal
Calculating FD for two Reducing EEG length Reducing EEG length
sequential window by windowing J by windowing
Selecting length ‘ Feature extraction ‘ | Feature extraction ‘
corresponding to average L l
of energy function
‘ Offline classification ‘ Online classification
Calculating window length Simple model _ ) i
Normal ictal inter-ictal
Offline system Online system

Fig 2: Block diagram of suggested method

Reducing EEG length by windowing

The main goal of this phase is reducing EEG signal
length, increasing all the next phases speed and
decreasing time complexity as a result. Biomedical
signals such as EEG are named non-stationary signal
i.e., its statistical characteristics change over the time
[17]. When we divide signal to shorter segments, the
structure variations through the segments is
facilitated as they have less static variations
compared to the original signal [18]. There are two
types of segmentation for non-stationary signals:
fixed-size segmentation and adaptive segmentation.
Fixed-size segmentations is simple and window
length doesn’t change, while adaptive size
segmentation segmented signals into variable parts
of different statistical properties and is more difficult
and accurate [19]. After segmentation each segment
of signal is considered statistically stationary, usually
with similar time and frequency statistics [20]. In the
case where the windows are placed in a segment,
their statistical properties do not differ [19].
Statistical features don’t change in that time period
and we can assume the signal as static signal in that
time period. We used fixed-size segmentation, so the
length of segment which we can assume it static is
exclusive for each signal. So it’s necessary to compute
the length of window for each person.

Several recent references used FD changes for EEG
signal edge detection because FD shows statistical
changes well [19, 21, 22]. In this step, two sequential
windows with primary minimum length are slid
along the EEG signal. For each window, FD is
computed using the Katz algorithm. Fractal
dimension of the signal shows any variation on the
signal characteristics. Therefore, we use FD changes
to detect segments edges. The following G function
calculates changes between two sequential windows,

so it may be positive or negative. We use absolute
value of G because the change value is important but
sign of change doesn’t matter.

G =[6,.G,,. Gy, ]

G, =IFD, ,,~FD; |i=1..M-1 8
Where m is number of windows. As mentioned
before, the signal segment is assumed to have the
same statistical features along a segment. Therefore,
a similar FD should be calculated from the sliding
windows through a segment (normal, ictal or inter-
ictal segment) and two different fractal dimensions
should be calculated from the windows of two
different segments. For the windows in a same
segment, G value should be small and it should be
large for windows on the segment edge. To find
optimal length the G function should be threshold. An
energy function is defined as EG for solving this:

Yle f
E -

’ k (2)
Where k is the number of samples in G. G to the
second power is used to bold the changes. Finally, we
use k term in the denominator to normalize energy
and eliminate effect of samples number. If window
length is small, more segments are created through
segmentation, so more G values are calculated and
large value of energy function does not come from
more changes rather it comes from summation of a
lot of G value. Segments edges may miss by large
window length, in other hand the window length
should be minimum to obtain the best decreeing in
signal length. It is obvious that value of energy
function decrease continuous by increasing window
length. So energy function is calculated for different
window length and the length corresponding to
average of energy function has been selected as
optimal window length.

Applying window on the signal segment

After finding window length, we convert the signal
segment to a shorter segment which no sample of the
original signal doesn’t omit, rather the shortened
signal segment consist of the average of original
signal samples. We divide an EEG signal segment with

n sample length to T—shorter segments with | sample

length and in each sub-segment with | sample length we
replace average of containing samples in that sub-
segment.

X =0 X0 X, } (3)

X

Y =Y Yor You 1Y =%}

By reducing the signal segment length, all processing
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are facilitating and time complexity will reduce
significantly, because the most important
parameter in the processing is signal length.

Feature extraction

Since the biologic signals of body as EEG has
nonlinear nature, we use nonlinear features to
describe them. Used features in this paper are HE, FD
and Ratio and feature vector has been made up from
extracting these three features from Y vector.

Fractal dimension (FD)

Fractal Dimension is a measure which could model
complex and irregular biological time signals and
analyze nonlinear behavior or of data [23]. If we
consider EEG signal as time sequence
X(), X(2),..x(n), time series X :] has been made as

following equation:

xE = (M), x(m-+ k), x(M+2K), ., X[ k_m]k)} (4)
Where M=12,..Kand shows initial time value and k
shows discrete time distance between points. Lm(K)

length is calculating for X» and each of k time series
as follow:
§:|x(m+ik)fx(m+(i71) k)| (N-1)
- (5)
m(K) =
[alk

Where n is length of x series. A diagram of log(Lm(k))
across log(1/k) is drawn and FD is estimated from
slope of least squares of line which has best
symmetry on the diagram. In other words, FD is
calculated from following equation:

FD = log(L,, (K))/log( %) (8)

Fractal dimension has been used in multiple
researches of epilepsy detection [24-26].

Hurst exponent (H)

Hurst exponent is a mathematical measure which

used to evaluate the long-memory dependence and

its degree in a time series. The Hurst exponent, H,

discuss smoothness of time series [27] and it is given

by:

H— log(R/S) (7)
log(N)

Where N is time of data samples and R is difference
between maximum and minimum of mean devition.
Hurst exponent is also estimated by drawing the
diagram of (R/S) across N in log-log axis. Hurst
exponent is one of nonlinear features which is useful
for seizure detection [28, 29].

Ratio of recurrence quantification analysis

Recurrence plot is a two-dimensional visual diagram
which shows recurrence states. It could find hidden
periodicity in time domain which isn’t visible easily
and measures non-stationary of a signal. If xi is the ith
point in m dimensional orbit and xj is close enough to
xi, thus a point will stay on location (i,j). The points
are along i=j diagonal symmetrically. The recurrence
quantification analysis (RQA) is a method of
nonlinear data analysis which quantifies the number
and duration of recurrences of a dynamical system
presented by its state space trajectory [30]. There are
several parameters which could extract from
recurrence plot and use for EEG analysis [31-33]. We
use ratio measure among the measures could extract
from recurrence plot which is ratio between
determinism (DET) and recurrence rate (RR) and is
giving by:

z In()

DET =1 —
DR, j)
®)
Classification

After extraction appropriate features from Y vector
and forming feature vector for each signal, the
correspandig class lable (normal, inter-ictal or ictal)
has been attached to feature vector. The feature
vector has been fed to logistic regression classifier.
Then detection system is learning and performance
measures namely accuracy, inter-ictal and ictal class
sensivity, normal class specifity and time complexity
are extracting to evaluate our work and the results
will compare with last works.

Logistic regression

Logistic regression is a statistical model for binary
classification; also, it can be developed for multi-class
classification [34]. Logistic function define as
following:

9)

9@2) =——
l+e

Probability of pertaining a sample to a class could

calculate from following equation:

exp(a)kﬂ +zn:wk‘xl)
Py =y, 1) =—173 = k=R (10)
l+2exp(wlu +ZwﬂXl)

1
ply=y, |¥)=—r7 k =R

l+2exp(wla +Zn‘,wﬂx D)
j=1 i=1

Where @ is weight, which obtain from maximum
probability estimation:
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Oyee =2arg maxHP(Y' " an
i 11

Complexity of logistic regression is O(kn) where k is
number of iterations to gain optimal condition and
Fig 3 shows how to decide about sample x.

Logistic function

z ‘/_/\_ f(x,w)

N\

X2

Input vector < .
Xa

Fig 3: Logistic regression classifier

Subasi et al. used LBDWT coefficients of EEG signals
as an input to logistic regression with two discrete
outputs: epileptic seizure or non-epileptic seizure.
Logistic regression works as powerful as MLNP
classifier [34]. They wused multiple signal
classification (MUSIC), autoregressive (AR) and
periodogram methods to get power spectra in
patients with absence seizure. Two classifiers:
logistic regression and artificial neural network have
been fed by power spectra and ANN resulted more
accurate than LR [35].

Time complexity

Complexity of method is complexity of online part
and this part consists of 3 sequential steps: 1)
reducing EEG length, 2) feature extraction and 3)
classification.

Step 1) For reducing EEG length we replace every |
sample of original signal with average of them and
complexity of this step is O(n).

for i =1ton
il

X

I
i=(i )M +1

' (12)

Step 2) we extract FD, H and DET of the signal. Time
complexity of the algorithms which we use to
calculate these features are all O(n) [36-38].

yi =

Step 3) Complexity of logistic regression classifier is
linear [39]. Therefore, we calculate time complexity
of proposed method as follow:

O ethod :Oswpl +05tep2 +Osmp3

Ogieps =0 ()

Oyepz =Opp +O4 +0per =0 () +0(n)+0(n)=0(n)
Ogep3 =01z =0 (kn)=0(n)

Opnenog =0 ()

(13)

RESULTS

Algorithm runs on a system with windows 7
operating system with 2.53 (GHz) CPU. As mentioned
before energy function is calculated for different
window length and the length corresponding to
average of energy function has been selected as
optimal window length. Different values of energy
function for different window length and average of
them are shown in Table 1. It shows decreasing
energy function by increasing window length and
window length corresponding to average of energy
function is near to 20. It should be noted that window
length of every patient signal is unique and calculates
once in offline system. If we choose window length
very small, any significant decreasing occur in signal
length. On the other hand large window length result
missing segment edges and reduce accuracy of
epilepsy detection. So selecting window length is
trade-off between accuracy and decreasing EEG
length. An example of original signal of each class and
corresponding shortened signal is given in Fig 4.

Table 1: Energy function values corresponding different window length

Window

ength 5 10 20 40 60 80 100 Average
Signal
Normal 1 0.30 0.103 0.031 0.01 0.006 0.0041 0.0037 0.0454
Normal 2 0.22 0.13 0.037 0.008 0.005 0.0042 0.0025 0.0381
Normal 3 0.358 0.131 0.038 0.016 0.012 0.006 0.0031 0.050
Inter-ictal 1 0.5 0.252 0.081 0.045 0.023 0.013 0.011 0.102
Inter-ictal 2 0.41 0.169 0.049 0.013 0.010 0.0092 0.0054 0.075
Inter-ictal 3 0.69 0.211 0.076 0.026 0.022 0.0158 0.0090 0.0119
Ictal 1 0.23 0.12 0.029 0.01 0.004 0.0053 0.0035 0.038
Ictal 2 0.42 0.13 0.070 0.023 0.01 0.011 0.0087 0.079
Ictal 3 0.288 0.134 0.054 0.012 0.011 0.0082 0.0042 0.056

Volume 13 | Article 183 | Feb 2024

Page 5 of 9



Using nonlinear features and logistic regression for epilepsy detection with linear complexity

Somayeh Zeini etal.

Original signal
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Fig 4: Original signal of each class and their shortened signal

After reducing EEG signal length, three nonlinear
features expressed above (FD, H and Ratio) extracted

Table 2: Values of FD, H and Ratio for each class

from them. Table 2 shows the results of these :
. . . . Features Normal Inter-ictal Ictal
features for normal, inter-ictal and ictal EEG signals
shown in Fig 4. It is evident that features are different FD 1386 1.576 1.906
for each class. H 0.365 0.418 0.365
Ratio 143.12 164.31 195.05
Table 3: Results of evaluation measures on original signals
Classifier Accuracy | Normal specifity Inter-ictal sensivity | Ictal sensivity | Complexity | Time
Logistic Regression 100% 100% 100% 100% O(n) 0.9
Table 4: Results of evaluation measures on shortened signals
Classifier Accuracy | Normal specifity Inter-ictal sensivity | Ictal sensivity | Complexity | Time
Logistic Regression 99.66% | 100% 100% 100% O(n) 0.56

In this stage, feature vector of each sample has been
made from combination of features and its class label.
Then logistic regression has been trained and tested
by both original signals and shortened signals and
their results are compared. Five measures told before
and needed time for processing a signal in online
system (in seconds) calculate and given for
evaluation of original signals classification in Table 3
and our method in Table 4.

As you see in Table 3 and 4 better results have been
obtained on original EEG signals and it's evident
because no data miss in original EEG signals. Logistic
regression has high accuracy and low complexity. Our
suggested classifier, logistic regression, is linear and
can use in online care system. Its classification
accuracy is acceptable and its low misclassification
error (0.33%) can be waivered to obtain linear

complexity. Also, the way we describe to decrease
signal length influence all processes and increase
processing speed.

DISCUSSION

Epilepsy is a chronic neurological disorder
characterized by recurrent unprovoked seizures
resulted from abnormal, excessive and hyper
synchronous neuronal activity in brain [40].
Electroencephalogram (EEG) is the recording of
electrical activity of the brain [41]. EEG is the most
useful signal for epilepsy detection. In recent works,
researchers achieved accurate methods which detect
epilepsy with high precision. It’s the time to work on
other important factors like complexity and detection
speed because care systems should analyze a lot of
EEG signals as fast as possible.
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In this paper we try to classify EEG signals to detect
epilepsy with low complexity, high speed and high
accuracy. To obtain high accuracy goal, we choose
nonlinear features namely FD, H and Ratio to discuss
EEG dynamic signals well. For two other goals, we
reduce signal length to speed up all next processes
and choose an optimal classifier which has low
complexity named logistic regression. EEG signals
length reduce from n samples to n/1 samples where |
is window length calculate by mentioned method and
is individual for each person. Windowing affects
speed of whole system and reduce duration of offline
part of system from 0.9 seconds to 0.54 seconds.
Logistic regression classifier has low complexity
O(n). Linear complexity of logistic regression make
the detection system appropriate for online care
system.

Our method benefits as mentioned above are linear

detection, low complexity, high speed and high
accuracy. In previous works, researchers obtained
high accuracy or low complexity but none of their
classifiers is linear. Table 5 compare recent
important works with our method.

In comparison these works to our method, accuracy
of methods suggested by Guler [6], Ghosh-Dastidar
[Z], Orhan [10] and Kolekar [12] are not acceptable
because high accurate methods have been developed
by other researchers and us. Acharya [9] could detect
epilepsy by high accuracy (99.7% and 99%) but
complexity of fuzzy classifier is high and not
acceptable while GMM is linear and appropriate for
online systems. Li et al. [13] also developed high
accurate epilepsy detection system with better
computational efficiency in comparison to SVM but
not to a linear classifier.

Table 5: Summary of previous works and our method

Author Features Classifier Accuracy Complexity

Guler [6] LLE RNN 96% 0(n)<-<0(n?)

Ghosh-Dastidar [7] mix-band feature space PEER e o 96.7% 0(n)<-<0(n?)

neural network

Acharya [8] f_&?ﬁle Entropy, apen, HOS, FD, Fuzzzy 99.7% 0(n?)<-<0(n3)
PCA eigenvalues from WPD o

Acharya [9] coefficients GMM 99% O(n)

Orhan [10] K-means cluster on DWT of MLPNN 96.67% | O(n)<-<0(n2)
signals

Kolekar [12] e LS-SVM 90% 0(n?)<-<0(n?)
complexity, sample entropy

. Fuzzy Entropy and H from DD- i o e 3
Li [13] DWT on signals GA-SVM 99.6% 0(n?)<-<0(n3)
Our method FD, H, Ratio Logistic Regression 99.66% O(n)

CONCLUSION

Because epilepsy is a dangerous disease with
unpredictable onset, high accurate epilepsy detection
at possible minimum time is an important challenge.
In this article we propose a novel method for epilepsy
detection that high accuracy, low time complexity,
linear classification, high speed and online detection
are its most important features which can be
mentioned. For increasing detection speed and
decreasing time complexity we shorten the signals by
windowing them with individual window length.
Since time complexity depend on data size directly,
decreasing signal length decrease time complexity
significantly. Fractal dimension, Hurst and Ratio are
three nonlinear features which extract from EEG
signals because they could discuss nonlinear signals
well. Feature vector fed to logistic regression
classifiers and result 99.66% accuracy. Amount of
miss data from shortened signals is not noticeable
and it doesn’t influence on method accuracy.
According to reducing signal length and classifying

them by linear complexity, our suggested method is
appropriate for using in health care systems. We find
window length by trial and error method for each
person, as future works we plan to use adaptive
windowing by wavelet or fractal dimension to reduce
signal length more. Also, windowing method could
apply on long term signals or we could test our
method for seizure onset prediction. An important
aspect for seizure onset detection is latency, the delay
between the actual seizure onset and the onset
detection [42]. According to linearity of LR and
reducing signal length we expect latency near to zero.
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