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Abstract—In this paper, the performance of the phase space rep-
resentation in interpreting the underlying dynamics of epileptic
seizures is investigated and a novel patient-specific seizure detec-
tion approach is proposed based on the dynamics of EEG signals.
To accomplish this, the trajectories of seizure and nonseizure seg-
ments are reconstructed in a high dimensional space using time-
delay embeddingmethod. Afterwards, Principal Component Anal-
ysis (PCA) was used in order to reduce the dimension of the re-
constructed phase spaces. The geometry of the trajectories in the
lower dimensions is then characterized using Poincaré section and
seven features were extracted from the obtained intersection se-
quence. Once the features are formed, they are fed into a two-
layer classification scheme, comprising the Linear Discriminant
Analysis (LDA) andNaive Bayesian classifiers. The performance of
the proposed method is then evaluated over the CHB-MIT bench-
mark database and the proposed approach achieved 88.27% sen-
sitivity and 93.21% specificity on average with 25% training data.
Finally, we perform comparative performance evaluations against
the state-of-the-art methods in this domain which demonstrate the
superiority of the proposed method.

Index Terms—Dynamics, electroencephalography (EEG), phase
space, Poincaré section, seizure detection, two-layer classifier
topology.

I. INTRODUCTION

E PILEPTIC seizures are transient excessive neuronal
discharges originated from cortical gray matter and con-

sidered as the main definition of epilepsy. Indeed the concept
of epilepsy covers a wide range of disorders, which can be
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classified according to the variety in types of seizures. There-
fore, the epileptologist in the first place, should diagnose if an
epileptic seizure occurred and then determine the seizure type.
For this purpose, electroencephalography (EEG) is commonly
used due to its unique properties, such as cost-effectiveness
and high temporal resolution, which make it an influential and
compulsory tool for exploring the brain functioning of patients
with epilepsy.
The estimated number of people suffering from epilepsy in

the world is around 50 million [1]. In addition, an increasing
need for recording EEG signals in the long term, and the
contamination of these signals with physiological and nonphys-
iological artefacts, renders their interpretation through visual
inspection only a daunting and challenging task. These factors
add impetus to the need of an automatic seizure detection
system to ease the neurologist's burden of inspecting such
long-term EEG data [2]. Thus, in the recent years, several
techniques have been developed in order to detect patterns
of interest from background patterns, including time [3], fre-
quency [4], time-frequency [5], and nonlinear methods [6]–[8].
Despite conventional time series analysis, nonlinear dy-

namics addresses nonlinear relationships among the variables
of a system by investigating only the variables (i.e., states) in
phase space while discarding time or spectral components. The
main power of this approach is that it provides information
regarding the underlying dynamics of the system without
knowing all the factors in the system evolution. Hence, non-
linear time series analysis, unlike differential equations, is a
top-down approach where information about the states of the
system or the relationship among the states is not available.
Therefore, the approach is to reconstruct the system dynamics
in phase space and then quantify the reconstructed attractors
(e.g., [9] and [10]).
Numerous measures originating from nonlinear dynamics

have been introduced and used for the analysis of EEG signals.
Correlation dimension [11], Lyapunov exponents [12], phase
synchronization [13], and mutual dimension [14] can be named
among the traditional and novel measures. Nevertheless, most
of these measures do not have straightforward interpretations
and can only be used as tentative indices. This may instigate a
false impression of chaos, hence surrogate data tests are needed
in order to check the validity of the analysis. In other words,
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TABLE I
CHB-MIT BENCHMARK. PATIENTS WITH LONGEST AND SHORTEST DURATION OF RECORDINGS ARE SHOWN IN BOLD

surrogate data analysis is required in this case to reject the least
null hypotheses of linear stochastic and white noise [15], [16].
On the contrary, phase space reconstruction can be considered
as a tool to demonstrate the evolution of a dynamic system
through time, while the dynamic system can fall into several
categories such as conservative or dissipative, linear or non-
linear, deterministic or stochastic. Therefore, using geometrical
features, based only on the phase space and without asserting
any assumption about the type of the underlying dynamic,
made the studies independent from chaotic hypothesis and
consequently independent from the surrogate data analysis [6].
However, despite the emphasized properties of the phase

space, characterizing the reconstructed trajectories of EEG
signals, purely based on its geometry, is quite rare and only few
works exist currently. In [17], the phase space of an EEG signal
was reconstructed after decomposing the signal using empirical
mode decomposition with application to seizure detection. Two
measures, namely the 95% confidence ellipse area and the in-
terquartile range of the Euclidian distance, were extracted from
2- and 3-D phase spaces, respectively. Chang et al. compared
the efficiency of features obtained by amplitude-frequency
analysis [18] and autoregressive (AR) model [10] using phase
space and raw data in a brain–computer interface (BCI) task.
In their study, the phase space of two EEG channels was re-
constructed and then the AR parameters, peak and mean values
of the absolute value of amplitude samples in two frequency
bands 8–13 Hz and 14–25 Hz were calculated as features. It
was shown that these features improve the classification results
in contrast to the same features extracted from the raw data.
In [19], the wavelet (Daubechies 4) coefficients of an EEG

signal at five levels were used to plot a 2-D phase space. Then,
the Euclidean distances between the origin and every point in
the phase space were calculated. The mean, median, average

power and standard deviation of these distances in each sub-
band were used as features in order to detect seizure events. The
classification results on real EEG data showed the significance
of the extracted features. Furthermore, the phase space of EEG
signals has been studied in a behavioral neuroscience research.
In [20], the slope of a regression line in a 2-D phase space was
obtained as a function of different time lags and considered
as a feature in classification of sleep–wake states. The results
showed the features based on phase space achieved higher per-
formance than the power spectral approach.
Accurate reconstruction of the phase space has a great im-

pact on the characterization of its trajectory properties. In the
time-delay embedding method this accuracy depends on the
proper selection of the time lag and the embedding dimension.
According to the embedding theorem, any time lag will be ac-
ceptable; however, it should be noted that choosing a too small
or a too large time lag value prompts completely dependent and
independent coordinates [6]. Thus, the necessary and major task
in keeping the physical properties of attractors is to determine
a large enough embedding dimension. In the aforementioned
studies, the maximum embedding dimension of three (in [17]),
or two (in [10], [18]–[20]) were used, this is generally insuf-
ficient and hence inadequate for mathematical modeling of
such complex signals. Many published works in EEG signal
processing (e.g., [21]–[24]) propose high-dimensional phase
spaces, i.e., . However, using a higher dimensional
phase space makes the interpretation and visualization of the
trajectories a challenging task.
In this study, in order to address the aforementioned deficien-

cies such as the false impression of chaos and the necessity of
applying surrogate data analysis, a novel phase space method is
proposed. The proposed method aims to capture the underlying
dynamics of the epileptic seizures and hence to discriminate



388 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 24, NO. 3, MARCH 2016

them from the non-seizure segments in an efficient way.
Therefore, our primary goal is to create a new set of nonlinear
features for seizure detection which decreases the computa-
tional complexity while at the same time increases the seizure
detection accuracy. This method describes the characterization
of the geometry of a high-dimensional phase space in such a
way that it keeps the reconstructed trajectories unfolded. More
specifically, this paper describes a novel feature extraction
method based on a high-dimensional phase space along with a
classification scheme, where the main objective is to maximize
the seizure detection accuracy with minimal feedback from
a human expert. Besides the discrimination ability of the ex-
tracted features, there are two main factors potentially affecting
the performance of the automatic seizure detection methods:
variation in seizure types and the brain regions where seizures
have originated. Epileptic seizures develop as the results of
different disorders, and as such, they cause significant varia-
tions of seizure types among patients (interpatient variability).
Therefore, in this work patient-specific setting is employed
as a convenient candidate for such classification problems
since this approach has more potential to learn the patterns of
seizures in each individual specifically. In order to address the
second factor, the signals of all channels are utilized. Besides
providing the information of seizures in different brain areas,
this approach gives the flexibility on the proposed framework
to be compatible with various EEG recording montages.
To accomplish these objectives, first we reconstruct the

trajectories of each 1-second EEG segment with fixed values
of time lag and embedding dimension (Section II-B). Then, a
Poincaré map of the reconstructed trajectories is obtained using
Poincaré section, which is mainly chosen according to the first
and second Principal Components (PCs) of the phase space
coordinates (Section II-C). Afterwards, seven discriminative
features (Section II-D) are extracted from the obtained Poincaré
map and fed into a classifier topology with two-layer architec-
ture. The first layer consists of 23 Linear Discriminant Analysis
(LDA) classifiers and a Naive Bayes classifier formed in the
second layer (Section II-E) in order to fuse the decisions of the
first layer classifiers and hence perform the final classification.
Finally, the proposed approach is tested on a benchmark dataset
with EEG recordings of pediatric patients with intractable
seizure and compared with the state-of-the-art methods in this
domain. The paper is concluded in Section IV.

II. EEG DATA PROCESSING

A. EEG Dataset
The EEG recordings were collected from 23 pediatric patients

(males, ages 3–22; and females, ages 1.5–19) at the Children's
Hospital, Boston, to assess their candidacy for surgical opera-
tion [25], [26]. Nine to 24 EEG recordings were recorded for
each individual. All the recordings were labeled as seizure or
nonseizure with one-second resolution. The sampling frequency
was 256 Hz with 16-bit resolution. There are 23 common chan-
nels (FP1-F7, F7-T7, T7-P7, P7-O1, FP1-F3, F3-C3, C3-P3,
P3-O1, FP2-F4, F4-C4, C4-P4, P4-O2, FP2-F8, F8-T8, T8-P8,
P8-O2, FZ-CZ, CZ-PZ, P7-T7, T7-FT9, FT9-FT10, FT10-T8,

Fig. 1. Location of electrodes in international 10–20 system; used channels are
shown with gray color.

Fig. 2. Phase space plots of 1-s nonseizure segments in the left column (a, c,
and e), and seizure segments in the right column (b, d, and f) reconstructed from
the 1st, 17th and 21st patients (each row) in the CHB-MIT benchmark database.
The 3-D phase spaces are plotted for visualization.

and T8-P8) for each recording, which are based on the interna-
tional 10–20 system of EEG electrode positions (see Fig. 1). In
this study, only those records which contain at least one seizure
event were used. In Table I, the lengths of each EEG recording
(used in this study) are shown. Recordings 21 and 1 were ob-
tained from the same female patient with 1.5 year apart, which
were considered as two extra patients in this study. In addition,
patient 15 was excluded from our analysis because we failed to
read the EEG data of this patient.

B. Phase Space Reconstruction

The phase space of a system represents how the states' dy-
namics evolve over time. The aim of phase space reconstruction
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Fig. 3. Poincaré mapping procedure. The phase space (column 2) is obtained from the raw signal (column 1) in a nonseizure (top row) and a seizure segment
(bottom row). In order to draw the Poincaré section, a polynomial curve with degree of one is fitted to the first and second PCs of the phase space coordinates
(column 3). Once the intersection points were determined, their values on the first PC were used for feature extraction. For visualization purpose, only the first
three coordinates of phase space are shown.

is to obtain state vectors using the sequence of observed mea-
surements. In this study, time-delay embedding method [27] is
used for reconstruction of the EEG phase space. Takens' the-
orem expresses that the topological features of any higher di-
mensional system with coupled variables are reconstructable
from a single time series of observations [28]. This theorem
proves the independence of our study from the surrogate data
analysis, which is mentioned in Section I.
The main idea is to create a series of time-shifted samples in
dimensions so that coordinates would be provided using the

map

(1)
where is the time lag. In order to determine the convenient
dimension and time lag the two commonly known methods of
correlation dimension and the mutual information are employed
[6]. The embedding dimension 5 and time lag 6 (about 23 mil-
liseconds at a sampling frequency of 256 Hz) were achieved
and used for constructing an EEG attractor. The achieved values
were validated empirically, where different time lags and em-
bedding dimensions were used and their classification accuracy
compared. In Fig. 2, the reconstructed phase spaces of sample
seizure and nonseizure segments from the 1st, 17th and 21st pa-
tients are shown.

C. Poincaré Section Delineation
Poincaré section, which was named in Henry Poincaré’s

honor, is a well-known method for analyzing the type of at-
tractors. In this method, a line (or plane) cut the attractor and

then the intersection points are investigated. In fact, Poincaré
section provides a geometric view of a trajectory's behavior
through those intersection points. One application of Poincaré
section, for instance, is to study the stability of limit cycles.
This method also can be considered as a sampling method,
which converts the continuous trajectories of a phase space to
a discrete sequence of intersection points. The investigation of
how the trajectories pass through the Poincaré section reveals
information about the dynamics of a system that is not obtain-
able otherwise [29].
The most common approach in this context is applying the

Poincaré section on 2- or 3-D attractors. The reason is that
Poincaré section aims to generate a plot stroboscopically so
that it samples the motion of the observed trajectories. In order
to construct such a view, the Poincaré section must have a
dimension less than the corresponding trajectories. Therefore,
for instance, if the embedding dimension of a phase space
is three, then a plane is used as a Poincaré section. In our
case, where the number of embedding dimension is five, the
Poincaré section will be a surface with four dimensions. In
order to avoid using such complex geometric shapes and at the
same time keep the trajectories unfolded without ambiguities,
the following solution is proposed: first, Principal Component
Analysis (PCA) is employed in order to convert the 5-D em-
bedding coordinates into a set of values of linearly uncorrelated
principle components (PCs). Then, a polynomial with the de-
gree of one (i.e., Poincaré section) is fitted to the space formed
by the first and second PCs. The intersection points of the
fitted line and trajectories in the 2-D space are then obtained.
In Fig. 3, the whole process of Poincaré mapping is shown.
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Fig. 4. Proposed classification framework (PSR is the phase-space reconstruction, LDA and NB are the linear discriminant analysis and Naive Bayes classifier,
respectively).

The reason for deploying PCA is to project the entire phase
space onto a different space (the space originated from first
and second PCs) where the reconstructed trajectories are more
spread. In this way, the chosen space contains more information
about the dynamics of the states. It is worth mentioning that
the first two PCs are just linear transformations of the original
variables and do not necessarily contain more information
than the other PCs. Therefore, we empirically checked all the
possible combinations of PCs i.e., first and third PCs, second
and third PCs, etc., and the best results were achieved by the
first and second PCs for feature extraction. In order to find the
intersection points, the trajectories and the Poincaré section
lines were considered as polylines and then the Bézier clipping
method [30] was applied.

D. Feature Extraction

In the next step, seven features in total were extracted from
the first PC of the intersection sequence obtained in Section II-C.
These features are as follows:

Range:

Range (2)

Quantile and interquantile range: The 0.13 quantile and the
interquartile range (the difference between the first-0.25-
and the third-0.75-quartile).
Shannon entropy:

(3)

Root Mean Squared Amplitude (RMS Amp):

(4)

Coefficient of Variation:

(5)

and energy:

(6)

where is the sequence of the intersection points and is its
mean value. is the number of intersection points and is
the probability distribution function.

E. Classification and Post Processing
Once the feature vectors of each patient are formed, they are

fed into a two-layer classifier network. In the first layer, a single
LDA classifier trained over the features of each 1-second EEG
segment of each EEG channel. Once the first layer classifiers are
trained, then their outputs (class vectors) are fed into a Naive
Bayes (NB) classifier as a feature matrix, which makes the final
classification for the input 1-second EEG segment. In the Naive
Bayes classifier the “multivariate multinomial distribution” is
used to model the outputs of the LDA classifiers because the
input features of the second layer are discrete (i.e., binary). The
schematic diagram of the proposed classification framework is
shown in Fig. 4.
The main scenario is that once the system is trained for a spe-

cific patient it can then be used over and over for the same pa-
tient. In this case, after the system is trained using the labeled
data, the system can be used and help the neurologist for the
same patient over and over. Therefore, we divided the bench-
mark database into training and test datasets, both of which con-
tain seizure and nonseizure frames, where the training set con-
tains seizure and nonseizure segments which occurred earlier
in time and the remaining segments constitute the test set. The
classifier network was trained over the EEG recording of each
patient's training set that is formed using two different training
sizes: 25% and 50% of the available data.
In the postprocessing step, the fuzzy rule-based morpholog-

ical filter proposed in our previous work [31] was applied to the
outputs of each classifier in both layers (i.e., 23 LDA and 1 NB).
The principal aim of the morphological filter is to filter out the
classification outliers based on some global properties such as
continuity and neighborhood similarity.
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TABLE II
TRUE POSITIVE (TP), FALSE NEGATIVE (FN), TRUE NEGATIVE (TN), AND FALSE POSITIVE (FP) ACHIEVED FOR TEST SET USING 50% AND 25% TRAINING RATE

III. EXPERIMENTAL RESULTS

In this section, first the overall results of the proposed pa-
tient-specific approach are presented. For comparative evalua-
tions, in Section III-B, the seizure detection systems using the
CHB-MIT benchmark are briefly presented. In Section III-C,
the proposed feature extraction approach is compared against
the three state-of-the-art methods. In Section III-D, four dif-
ferent classifiers within the proposed classification topology are
evaluated against the proposed classifier. Finally, the computa-
tional complexity analysis is presented in Section III-E.

A. Classification Performance Evaluations

In this work, the standard performance measures of sensi-
tivity , specificity and accuracy are used.
They are defined as follows:

(7)

(8)

(9)

where (True Positive) is the number of segments correctly
detected as seizure, (False Negative) is the number of seg-
ments incorrectly detected as nonseizure, (True Negative)
is the number of segments correctly detected as nonseizure, and

(False Positive) is the number of segments incorrectly de-
tected as seizure. The confusion matrix and the overall classifi-
cation performance measures are shown in Tables II and III. In
addition, the Region of Convergence (ROC) plots are presented

in Figs. 5 and 6 for better visualization of the performance of
the proposed method.
As Table III shows, the best classification performance is

achieved using a training rate of 50%with an average sensitivity
and specificity of 89.10% and 94.80%, respectively. However,
even with 25% training rate only an insignificant performance
loss is encountered, i.e., 88.27% and 93.21% are the average
sensitivity and specificity rate, respectively. This demonstrates a
delicate generalization capability of the proposed approach and
effectiveness of the proposed feature extraction on the discrim-
ination of the seizures segments.
However, the results given in Table III indicate that a rela-

tively low classification accuracy is obtained on a few patients,
i.e., 6, 12 and 24. The reason is that in the recordings of these
patients, there are many similarities between seizure and non-
seizure segments as well as the high variations within each type.
This is visible in Fig. 7 where few segments of nonseizure and
seizure recordings from patient 6 are displayed. As can be seen
in the figure, there is a high variability between patterns of non-
seizure segments c, and . In addition, this difference is evi-
dent between seizure segments and . Furthermore, both seg-
ments in and have high frequency and low amplitude signals
while the former is a nonseizure and the latter is a seizure seg-
ment.
Furthermore, we calculated the AverageDetection Sensitivity

Rate (ADSR), Average False Alarm (AFA) per hour and Av-
erage Alarm Delay (AAD) as expressed below in order to eval-
uate the “seizure event detection” performance of the proposed
method. In order to calculate these metrics, we defined a seizure
event if at least seven consecutive seizure segments (with res-
olution of 1 second) are detected; see (10)–(12), shown at the
bottom of the next page, where is the total number of
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TABLE III
CLASSIFICATION RESULTS USING PROPOSED METHOD. PATIENTS WITH MEASURES LESS THAN 70% ARE HIGHLIGHTED.

SEN, SPE, AND ACC ARE SENSITIVITY, SPECIFICITY AND ACCURACY OBTAINED OVER TEST DATA

patients. The ADSR, AFA, and AAD metrics are reported for
the test set in Table IV.
As can be seen in Table IV, the best results have been

achieved using 50% training rate as expected. Because of
the existence of noise and artifacts in the EEG records of
the patients 6 and 12, the average of false alarms increased
significantly. To be more specific, using 50% training rate and
not taking into account patients 6 and 12, we achieved 97.14%,
1.85, and 5.63 for ADSR, AFA and AAD, respectively. How-
ever, the delay is increased by about 1 second on average while
the number of false alarms per hour is approximately reduced
by half. Similarly, with 25% training rate, 94.93%, 2.75 and
5.65 were obtained for ADSR, AFA and AAD, respectively.

B. Comparative Evaluations of Classification Performance

Few recent studies have used this benchmark for evaluation.
There are three main reasons for this: 1) high seizure variations
both within and among patients; 2) only bipolar longitudinal

montage information provided (lack of full montage informa-
tion); and 3) long-term EEG recordings in this dataset contain
other patterns such as sleep and physiological artefacts which
reduce the performance of seizure detection (in particular in pa-
tients 6 and 12).
In Table V, we summarized the seizure detection methods

(i.e., methods which detect the entire duration of seizure events
and not only the onset of seizure) applied on CHB-MIT dataset.
In order to perform a fair comparative evaluation we compared
our approach only with those studies which used a training rate
higher than or equal to ours and also used complete data from
the benchmark database for evaluation.
Note that no comparisons can be drawn between our results

and the ones from [32]–[34], since the patients used in these
studies were not specified. In [35], only accuracy is reported
which is not a proper metric for such highly unbalanced dataset.
Still, in the proposed approach with only 25% training rate we
achieved around 13% higher accuracy level than the method in
[35] although they used 80% training rate.

number of detected seizure events in subject " "
Total number of seizure events in all subjects

(10)

per hour
number of false alarms in subject " "

Total duration of EEG recordings (in hours) in all subjects
(11)

length of delays in subject " "
Total number of detected seizure events in all subjects

(12)
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Fig. 5. ROC plots for 50% training rate per patient. The x- and y axis represent the false positive rate and true positive rate, respectively.

Fig. 6. ROC plots for 25% training rate per patient. The x- and y axis represent the false positive rate and true positive rate, respectively.

Direct comparison with [36] is not feasible either because
there is an ambiguity in how the training and test sets are con-
structed. Regardless of this ambiguity, the best achieved detec-
tion sensitivity rate of 83% was reported in the fifth experiment
which corresponds to the 80% training rate. Regardless, we still

achieve a significantly higher sensitivity rate with only 25%
training rate.
Additionally, in this work an average sensitivity and speci-

ficity rate of 89.31% and 95.03% were achieved using only the
early 25% of each EEG record as training (excluding the pa-
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Fig. 7. Nonseizure (first column) and seizure (second column) segments
of patient 6 illustrate a high variability within the same class and similarity
between distinct classes (length of each segment seconds, channels:
FP1-F7, F7-T7, T7-P7, P7-O1, FP1-F3, and F3-C3).

TABLE IV
AVERAGE DETECTION SENSITIVITY RATE (ADSR), AVERAGE FALSE ALARM
(AFA) AND AVERAGE ALARM DELAY (AAD) ACHIEVED ON TEST SET FOR

SEIZURE EVENT DETECTION

tients 6 and 12), which further shows approximately 1% im-
provement in contrast to our previous work [31] with the same
training rate but using a large set of features in a significantly
sophisticated classifier network topology. Therefore, our pre-
vious method needs a cloud computing implementation with
massive parallelization for any online processing because we
used a large network of classifiers in each Network of Binary
Classifier (NBC) [37]. While in the proposed method, only 24
and significantly faster classifiers (23 LDAs and 1 Naive Bayes)
are used. In addition, the proposed method needs only about
3 ms for feature extraction from a 1-s EEG segment while in
our previous method it took 280 ms. As a result, the proposed
method can easily be ported on a tablet or pocket size computer
which makes the proposed EEG classification approach feasible
on a mobile application.

C. Comparative Evaluations of Feature Extraction Approach
In order to perform a fair comparison between the discrimina-

tive powers of the proposed feature extraction technique against
the other state-of-the-art methods, three different feature sets are

extracted from the CHB-MIT benchmark and classified using
the same classification scheme explained in Section II-E. The
first feature set consists of six features used in [38], which are
the energy of details and approximation coefficients ( , , ,
, , and ). The second feature set was proposed by Kumar

et al. [39], where approximate entropy (ApEn) of details and
approximation coefficients ( , and ) were pro-
posed for epileptic seizure detection. In these two feature sets,
wavelet Daubechies 4 were used in order to decompose the EEG
segments into five levels. The third feature set is a combination
of eight nonlinear features, including ApEn [40], correlation
dimension [41], and recurrence quantification analysis (RQA).
The RQA-based features are recurrence rate, determinism, aver-
aged diagonal line length, entropy, laminarity, and trapping time
[28]. Table VI presents the obtained results against the three
competitor feature sets over the test data.
The results clearly indicate that the proposed feature extrac-

tion approach yields the highest average sensitivity and speci-
ficity rates. Based on Table VI, the proposed features obtained
relatively low results for only two patients, i.e., less than 70% in
either sensitivity or specificity while the competing feature sets
totally fail in some patients; for instance, the first, second and
third feature sets obtained less than 50% specificity for patients
4, 13, and 18. This makes them entirely unreliable in practice
for a medical diagnosis application using the proposed classifi-
cation scheme.

D. Comparative Evaluations of Classifiers
To evaluate the selection of the classifiers used in the first

layer of the proposed approach (i.e., LDA), the performances
of different classifiers are also presented while the NB classifier
in the second layer is used. In Table VII, we compared the
sensitivity and specificity of four state-of-the-art classifiers
including Quadratic Discriminant Analysis (QDA), Maha-
lanobis Discriminant Analysis (MDA), Naive Bayes (NB),
and SVM (with a linear kernel). The NB classifier used in the
first layer employed kernel smoothing density estimation in
order to model the input features. It is clear that the proposed
LDA classifiers can reach much higher sensitivity compared
to QDA and NB classifiers. In addition, they can achieve
approximately 2% higher average sensitivity and specificity
compared to MDA classifier. Even though SVM classifier
with linear kernel achieved 1% higher sensitivity than LDA, it
fails to classify the EEG data of patients 4 and 6. Moreover,
LDA achieved 0.4% higher specificity on average, which is a
noteworthy improvement in such unbalanced data, i.e., recall
that the average duration of non-seizure segments over 23
patients is around 26 444 seconds, 0.4% of which are about
106 seconds. So on average, using SVM would lead to an extra
106 false alarms. Furthermore, the computational complexity
of the SVM classifier is much higher than that of LDA, which
may cause problems in practice for real-time processing. This
is further investigated in detail in the next section.

E. Computational Complexity Analysis
In this work, we implemented the proposed method using

MATLAB version R2014b and the computations were per-
formed on a standard desktop computer with a 3.4 GHz
processor and 16 GB ram. Two metrics are used for evaluating
the computational complexity: The first metric is the time
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TABLE V
PROPOSED SEIZURE DETECTION METHODS USING CHB-MIT DATASET

TABLE VI
CLASSIFICATION RESULTS OF THREE DIFFERENT FEATURE SETS USING PROPOSED CLASSIFICATION SCHEME.

PERFORMANCE METRICS LESS THAN 70% ARE HIGHLIGHTED
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TABLE VII
CLASSIFICATION RESULTS OF PROPOSED FEATURES USING FOUR DIFFERENT CLASSIFIERS.

PATIENTS WITH PERFORMANCE METRICS OF LESS THAN 70% ARE HIGHLIGHTED

TABLE VIII
RUN TIME (IN MILLISECOND) USING THREE DIFFERENT FEATURE EXTRACTION

METHODS IN PROPOSED CLASSIFICATION SCHEME

taken to extract each feature set from every 1-s long segment
of one EEG channel. This value was repeatedly calculated
across one hour (3600 segments) to ensure the repeatability of
the measured time and is reported in Table VIII for the proposed
and competing feature extraction methods.
The second metric is the elapsed times for classification (in-

cluding training and test) over the proposed features for one
hour recording with different classifiers, which are shown in
Table IX. The results clearly demonstrate the superiority of the
proposed approach with LDA classifiers over the proposed fea-
tures in terms of computational complexity.
Clearly, the proposed method has the advantages of having

relatively high sensitivity and specificity, and low computa-
tional complexity. The proposed method, on the other hand,
lacks preprocessing steps for removing noise and artifacts.
Although this decreases the computational complexity, it can
increase the false alarms due to the contaminated EEG signals
especially in patients 6 and 12. Additionally, the proposed
method is not able to detect the pre-ictal states.

TABLE IX
CLASSIFICATION RUN TIMES (IN SECONDS) USING FOUR DIFFERENT

CLASSIFIERS OVER PROPOSED FEATURES

IV. CONCLUSION

In this study, a new multi-channel EEG seizure detection
method is presented based on the dynamics of the trajectories
in phase space. The proposed Poincaré mapping procedure
enables us to study the difference between the dynamics of
the seizure and nonseizure segments in a high-dimensional
phase space. The proposed approach keeps the reconstructed
trajectories unfolded and the computational complexity low.
The proposed seizure detection approach was performed over

CHB-MIT database in order to achieve the aforementioned ob-
jectives. The results indicate an improved classification perfor-
mance over competing techniques without any preprocessing.
The proposed approach achieves the highest accuracy and min-
imum false alarm rate among the three state-of-the-art feature
extraction methods and four different classifiers and offers the
best tradeoff between the anomaly detection accuracy and com-
putational burden. Furthermore, the achieved run time shows
the potential application of the proposed approach in Epilepsy
Monitoring Units (EMUs).
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Extracting better features directly from the phase space rather
than from its principal components is the subject of our fu-
ture study. To accomplish this, noise and artifacts in EEG sig-
nals will need to be significantly suppressed prior to subsequent
analysis.
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