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Abstract—Epilepsy is one of the neurological diseases that
occur incidences worldwide. The electroencephalography (EEG)
recording method is the most frequently used clinical practice in
the diagnosis and monitoring of epilepsy. Many computer-aided
analysis methods have been developed in the literature to facilitate
the analysis of long-term EEG signals. In the proposed study,
the patient-based seizure detection approach is proposed using a
high-resolution time-frequency (TF) representation named Syn-
chrosqueezed Transform (SST) method. The SST of two different
data sets called the IKCU data set and CHB-MIT data set are
obtained, and Higher-order joint TF (HOJ-TF) based and Gray-
level co-occurrence matrix (GLCM) based features are calculated
using these SSTs. Using some machine learning methods such
as Decision Tree (DT), k-Nearest Neighbor (kNN), and Logistic
Regression (LR), classification processes are conducted. High
patient-based seizure detection success is achieved for both the
IKCU data set (94.25%) and the CHB-MIT data set (95.15%).

Keywords—EEG, SST,Time-Frequency Analysis, patient-based
seizure detection.

I. INTRODUCTION

Epilepsy is a neurological disease that occurs as recurrent
seizures as a result of the unexpected electrical activities of
brain nerve cells. It is the second most common nervous system
disease after stroke, affecting approximately 0.6-0.8% of the
world’s population [1], [2]. The EEG method, in which the
electrical activity of the brain is recorded, is the most fre-
quently used clinical practice by neurologists in the diagnosis
and monitoring of epilepsy because of fast, inexpensive, and
easily accessible. However, the examination of long-term EEG
records by experts is very time-consuming and exhausting [3].
Therefore, many advanced signal processing methods have
been introduced using the EEG signal to facilitate seizure
detection and prediction, and efficient performance results have
been obtained. [2], [4].

Many TF analysis methods have been proposed for the
more effective analysis of non-stationary and nonlinear EEG
signals. Wavelet transform (WT) and its derivative approaches
[2], [5], [6], [7], Short-Time Fourier transform (STFT) [8],
Wigner–Ville distribution (WVD) [9] have yielded highly
effective results in epileptic seizure detection and prediction.
TF representations of EEG signals were obtained by using
different TF analysis methods such as CWT [10], Hilbert-
Huang transforms (HHT)[11], and these TFRs were used to
obtain various texture features to achieve high seizure detection

or prediction performance. In addition to the studies using
advanced signal processing methods, deep learning approaches
have been used successfully in this field especially in recent
years [12], [13], [14]. Using traditional TF methods such as
STFT or CWT, to obtain high-resolution TF localization is not
possible. In order to overcome this disadvantage and to obtain
TF representation with high resolution, a new STFT or CWT
based TF analysis method, SST, has been developed [15], [16],
[17].

In this paper, the high-resolution SST based epileptic
seizure detection approach is introduced using two different
data set. HOJ-TF moments based and GLCM based features
are calculated using the magnitude of SST and classification
processes are performed using various classifiers such as DT,
kNN, and LR.

II. MATERIALS AND METHODS

In the proposed study, patient-based seizure detection
approached is performed using the SST method. TF repre-
sentation of pre-seizure (or inter-seizure) and seizure EEG
segments are obtained using the SST approach and HOJ-TF
moment-based and GLCM based features are computed. Using
various classifiers such as DT, kNN, and LR, classification
processes are carried out and performance evaluation results
are compared.

1) EEG data sets: Two different EEG data set, the IKCU
data set and CHB-MIT data set, are utilized for this study.

• EEG data set-1 (IKCU data set): This data set consists of
EEG signals of 16 epilepsy patients (5 Female; 11 Male,
the average age is 37.3∓7) and includes a total of 507
seconds pre-seizure and 892 seconds seizure EEG signals.
EEG signals were recorded from 18 different channels (Fp1-
F7, F7-T1, T1-T3, T3-T5, T5-O1, Fp1-F3, F3-C3, C3-P3, P3-
O1, Fp2-F8, F8-T2, T2-T4, T4-T6, T6-O2, Fp2-F4 F4-C4, C4-
P4, P4-O2) using the 10-20 electrode system with a 10 ms
sampling period at Izmir Katip Celebi University School of
Medicine, Department of Neurolog. Since epileptic seizures in
the data set are known to be predominant in the Left Temporal
and Frontal lobes, 10 channels (Fp1-F7, F7-T1, T1-T3, T3-
T5, Fp1-F3, Fp2-F8, F8-T2, T2-T4, T4-T6, Fp2-F4) in the
Temporal and Frontal lobes are used from these 18 channels.
Ethical approval has been obtained to use these EEG signals in
the study (numbered 2969 and dated 08.08.2019). Pre-seizure978-1-7281-8073-1/20/ $31.00 c© 2020 IEEE
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and seizure EEG signals are divided into non-overlapping, 1s
duration EEG segments.

• Epileptic EEG data set-2 (CHB-MIT data set): Another
examined data set in our proposed study is public Children’s
Hospital Boston, CBH-MIT, epileptic EEG data set [18]. This
data set consists of epileptic EEG signals of 24 pediatric
patients recorded from 23 or 18 channels with a sampling
frequency of 256 Hz. For our experiment, temporal and frontal
lobe-weighted 10 channels (FP1-F7, F7-T7, T7-P7, FP1-F3,
T7-FT9, FP2-F8, F8-T8, T8-P8, FP2-F4, FT10-T8) of 23
patients (chb01-chb23) are selected to be parallel to the IKCU
data set. Non-overlapping, 1s duration EEG segments are
obtained from the seizure EEG signals, and 10-minute inter-
seizure EEG signals which end the minimum 1 hours before
the onset of the seizure signals.

2) Synchrosqueezing Transform: Synchrosqueezing
Transform that is a member of the TF reassignment methods
(RM) class, is proposed to achieve highly localized TFRs
of non-stationary processes. In the literature, CWT-based or
STFT-based SST approaches have been proposed, but in our
proposed study STFT-based SST (FSST) approach is used to
achieve high seizure detection performance [15], [17], [19].

In the first step of SST, STFT of EEG segment x(t) in the
frequency domain is computed;

X(t, ω) =
1

2π

∫ ∞

−∞
X(ξ)W (ω − ξ)ejξtdξ. (1)

Here, X(ξ) and W (ξ) are the Fourier Transforms of EEG
segment x(t) and the window function w(t), respectively.
X(t, ω) denotes the STFT of the corresponding EEG segment.

Instantaneous frequency (IF) ω0(t, ω) information, which
is generally neglected in STFT, is estimated by computing the
derivative of the STFT X(t, ω) with respect to time for the
reassignment in SST.

ω0(t, ω) = −j
∂tX(t, ω)

X(t, ω)
(2)

Using the calculated IF, ω0(t, ω), STFT coefficients that have
the same frequency information are gathered where they should
be present to achieve improved energy concentration. Hence,
using the synchrosqueezing operator

∫∞
−∞ δ(η − ω0(t, ω))dω,

SST of the EEG segment T (t, η) is formulated as,

T (t, η) =

∫ ∞

−∞
X(t, ω)δ(η − ω0(t, ω))dω (3)

An example TF representations of 1s duration inter-seizure and
seizure EEG segments of CHB-MIT data set obtained using
the SST approach are demonstrated in Fig. 1.

3) Feature Extraction: HOJ-TF moment and GLCM based
features are calculated using TFR obtained by SST to obtain
two different feature sets.

• HOJ-TF moment based features < ti ωj >; i, j =
1, . . . , 4. are computed using magnitude square (S(t, ω)) of
SST (T (t, η)).

< ti ωj >=

∫ ∫
ti ωj S(t, ω) dt dω, i, j = 1, . . . , 4. (4)

(a) (b)

(c) (d)

Şekil 1: 1 s. duration, (a) inter-seizure, (b) seizure EEG;
magnitude SST of (c) inter-seizure, (d) seizure EEG segments
of CHB-MIT data set.

Log normalization, log(<ti ωj>
i!j! ), i, j = 1, . . . , 4, is applied

to reduce dynamic range of joint TF moments. Thus, 1×16 log-
normalized HOJ-TF moment based feature vector is obtained
for each pre-seizure, inter-seizure, and seizure EEG segment.

• TFR obtained by SST is considered as a gray-level image.
The Gray Level Co-occurrence Matrix (GLCM), one of the
texture descriptors, is obtained by calculating joint probability
distributions of two neighboring image pixel pairs with a
specific position that includes of distance (d) and direction (θ)
information. By using position information (∆ = (θ, d)) of two
image pixel pair, the GLCM of this TF image is expressed as
follow;

G∆(i, j) (i, j = 0, 1, ..., Ng − 1) (5)

Here, i, j denotes the intensity values of two pixels, Ng indi-
cates the gray level number of the image. In our experiments,
GLCM matrices of each EEG segments are calculated for
position ∆ = (θ = 0o, d = 1). Second-order statistical
features, i.e., contrast, correlation, energy, and homogeneity
are computed using the obtained GLCM matrix [10], [20].
Thus, 1× 4 GLCM feature vector is calculated for each EEG
segment.

4) Classification and Performance Evaluation: In the
classification processes, various machine learning algorithms
such as DT kNN, and LR are used for classification. DT
is a successful machine learning method that uses tree-like
structures such as branches or nodes, and the training pro-
cess is realized by learning a series of decision-rules [8].
In our experiment, the coarse tree structure in which the
maximum number of the split is equaled to 4 is used. In
another high-performance machine learning approach, kNN,
the distance between the sample to be classified and k neighbor
is calculated. The sample to be classified is assigned as an
element to the class in which low-distance neighbors are
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common [10]. In our experiment, k is chosen as 10, and Euclid
distance is used as the distance measurement. LR is one of the
most widely used statistical classification methods in binary
classifications, producing binary output such as yes/no, 1/0
[8]. Statistical metrics such as Accuracy (ACC), Recall (REC),
False positive rate (FPR) are used to evaluate the performance
of the classifiers [8], [21].

ACC =
TP + TN

TP + FN + FP + TN

REC =
TP

TP + FN
, (6)

Here, true-positive (TP) is the number of correctly classified
seizure samples, true-negative (TN) is the number of correctly
classified pre-seizure (or inter-seizure) samples. Additionally,
false-positive (FP) is the number of missclassified pre-seizure
(or inter-seizure) samples. False-negative (FN) denotes the
number of missclassified seizure samples [8], [21].

III. RESULTS AND DISCUSSION

In this study, the patient-based seizure detection approach
is performed using two different data set, the IKCU data set
and the CHB-MIT data set, and the SST method. HOJ-FT
moment-based and GLCM based features are calculated using
the magnitude square of TFRs that are achieved using the SST
method.

(a)

(b)

Şekil 2: Accuracy values obtained using (a) HOJ-TF moment
based, (b) GLCM based feature sets of IKCU data set.

The patient-based seizure detection results of the SST
approach obtained using the IKCU data set are given in Figs
2 and 3. The accuracies of patient-based seizure detection
obtained from three classifiers using the HOJ-TF moment
based feature set and the GLCM-based feature set are given
in Figures Figs 2a and 2b, respectively. The LR classifier
provides the highest performance with an average of 94.25
% and 92.3 % ACC values in both HOJ-TF moment-based

and GLCM based feature sets. High average REC (higher than
85%) values are obtained using three classifiers for all patients
except patients 4, 5, 12, and 13 (given in Fig. 3) from both
HOJ-TF moment-based and GLCM based feature set of the
IKCU data set.

(a)

Şekil 3: Change of patient-based recall values of IKCU data
set.

(a)

(b)

Şekil 4: Accuracy values obtained using (a) HOJ-TF moment
based, (b) GLCM based feature sets of CHB-MIT data set.

(a)

Şekil 5: Change of patient-based recall values of CHB-MIT
data set.

Performance evaluation results of SST based seizure de-
tection approach obtained using the CHB-MIT data set are
given in Figs.4 and 5. For all patients except chb12, chb13,
chb15, and chb21, high accuracy values (higher than 95%)
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are achieved from all three classifiers using both HOJ-TF
moment-based and GLCM based feature set (given in Fig.
4). The kNN classifier yields high average accuracy values
calculated using all patient ACC values, for both HOJ-TF
moment-based (94.47%) and GLCM based (95.15%) feature
sets. High recall values (greater than 90%) that indicate the
rate of seizure segment correctly detected are obtained from
all patients except chb06, chb12, chb13, chb18, chb21 patients
(shown in Fig.5).

IV. CONCLUSIONS

In this study, the patient-based seizure detection approach is
performed on two different data sets using SST, the new high-
resolution TF analysis method. HOJ-TF moment-based and
GLCM based feature sets are computed using the magnitude
square of obtained SSTs obtained from the pre-seizure and
seizure EEG segments of the IKCU data set and inter-seizure
and seizure EEG segments of the CHB-MIT data set. High
patient-based accuracy and recall values are achieved using
both HOJ-TF moment-based and GLCM based feature sets of
two data set.

Many seizure detection studies have been conducted in
the literature using the CHB-MIT data set [10], [14], [12],
[13], [21]. While CNN based studies yield lower average REC
values (in study [14]= 85% REC; in study [12]= 71.45%
REC), in proposed SST based seizure detection approach is
to provide higher average REC value (90.30%). In another
study [10] in which GLCM-based features are calculated the
lower REC value (70.19%) is obtained than the proposed SST-
based seizure detection study. On the other hand, ın studies
[13], [21] are achieved higher performance values than our
proposed study.

Considering these evaluations, it is seen that the proposed
SST approach can be used successfully in detecting seizures.
The future goal of our study is to perform a seizure prediction
study using the same method and the CHB-MIT data set.
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