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Epilepsy is one of the most common brain disorders worldwide. The most frequently used clinical tool to
detect epileptic events and monitor epilepsy patients is the EEG recordings. There have been proposed
many computer-aided diagnosis systems using EEG signals for the detection and prediction of seizures. In
this study, a novel method based on Fourier-based Synchrosqueezing Transform (SST), which is a high-
resolution time-frequency (TF) representation, and Convolutional Neural Network (CNN) is proposed to
detect and predict seizure segments. SST is based on the reassignment of signal components in the TF
plane which provides highly localized TF energy distributions. Epileptic seizures cause sudden energy
discharges which are well represented in the TF plane by using the SST method. The proposed SST-based
CNN method is evaluated using the IKCU dataset we collected, and the publicly available CHB-MIT
dataset. Experimental results demonstrate that the proposed approach yields high average segment-
based seizure detection precision and accuracy rates for both datasets (IKCU: 98.99% PRE and 99.06%
ACC; CHB-MIT: 99.81% PRE and 99.63% ACC). Additionally, SST-based CNN approach provides
significantly higher segment-based seizure prediction performance with 98.54% PRE and 97.92% ACC
than similar approaches presented in the literature using the CHB-MIT dataset.

Keywords: Convolutional Neural Network (CNN); Deep Learning (DL); seizure detection; seizure pre-
diction; segment-based; Synchrosqueezed Transform (SST); time-frequency images.

1. Introduction

Epilepsy is one of the most widespread brain
disorders, affecting approximately 50 million peo-
ple worldwide, characterized by abnormal electrical
activities of the brain nerve cells resulting in recur-
rent seizures, unusual behavior, and maybe the loss

iCorresponding author.

of consciousnessT In order to decrease the harm
of unexpected seizures and to start treatment as
soon as possible, a timely and correct diagnosis of
epilepsy is very compulsory for patients. In clini-
cal practice, the diagnosis of epilepsy is made using
detailed patient history, neurological examination,
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and various clinical tools such as neuroimaging
and EEG recording. However, achieving the correct
diagnosis by visual examination of long-term EEG
records or neurological images is directly related
to the experience of the expert neurologist, and
it is a very time-consuming and exhausting pro-
cess2 Therefore, effective computer-aided diagno-
sis systems have been developed by researchers for
many years to accurately and quickly detect and
predict seizure activity ™3 It is possible to catego-
rize the studies in this area into two major groups:
(i) machine learning (ML)-based and (ii) deep learn-
ing (DL)-based approaches. Many ML-based meth-
ods have been proposed for automatic seizure detec-
tion, prediction, and classification, generally based
on advanced signal processing and feature extrac-
tion algorithms. Time-domain and spectral-domain
features have been utilized for automatic classifica-
tion of seizure activities. In addition, various types of
entropy such as fuzzy entropy,IZI approximate entropy,
sample entropy, and phase entropyIEI have been com-
puted from the EEG signals to identify different
epileptic EEG segments. Hence, encouraging seizure
detection performances have been achieved using
the combination of various features calculated from
either signal domain® or transform domains such
as EMD and its derivatives ™ Fourier transform
(FT) and derivatives T and Wavelet transform
(WT) and derivatives™@ Besides, employing time-
domain features, or frequency-domain features, or
their combination yields limited performance, due to
nonstationary properties of EEG signals. Therefore,
many time-frequency representation (TFR) meth-
ods have been utilized to improve seizure detection,
prediction, and classification performances ™ The
most frequently used TFR methods are Wigner—Ville
Distribution (WVD)™ smoothed WVD/23 Choi-
Williams Distribution (CWD), Modified-B Distri-
bution (MBD)X Short-Time Fourier Transform
(STFT)H8 and WTIZES A recently developed,
high-resolution TFR method called SST has also
been applied into the epileptic EEG analysis T
Image-based features™ 719 or TF-domain fea-
tures which are the extended versions of time-, or
frequency-domain features 21309 a6 extracted from
the calculated TFRs. Then various classifiers such as
k-nearest neighbor7 support vector machines ™ arti-
ficial neural networks® Nave Bayes™ random for-
est classifiers? and extreme learning machines?? are

employed to identify seizure and seizure-free EEG
segments by extracted features.

As for the second category, successful DL-based
methods have been proposed for seizure detection
and prediction purposes. ML-based methods are con-
ducted by extracting various features, performing
statistical analysis, and using various classifiers to
achieve the best classification performance; besides,
DL-based methods do not require manual feature
extraction and selection processes? In DL-based
approaches, multi-channel EEG signals, their combi-
nations, or image-based representations of the
EEG signals obtained using TFR methods?82 are
utilized as input to train a deep network. For exam-
ple, in a study2 a 13-layer deep CNN-based epilep-
tic seizure classification approach is introduced to
distinguish three EEG groups, normal, pre-seizure,
and seizure with a classification accuracy of 95.00%.
Ansari et al. proposed a 23-layer CNN-based method
to classify seizure and nonseizure neonatal EEG sig-
nal segments. They compared the performance of
the proposed CNN-based approach with feature-
based, and heuristic methods that did not contain
a complex processing stage 2 The deep CNN-based
epileptiform discharges (ED) detection approach was
introduced in another study. EEG data without ED
of 25 epilepsy patients, and 25 age-matched con-
trol EEG were used to train a 13-layer CNN with
promising detection accuracies22 In another study,
a seizure control method was proposed by utiliz-
ing the combination CNN model where prior to the
convolution operation, the combinations of chan-
nels are obtained using multi-channel EEG record-
ings23 Li et al. introduced a CNN-based automatic
seizure detection approach that contains the Nested
Long Short-Term Memory (NLSTM) model. With-
out requiring any advanced signal processing steps,
high seizure detection performances were obtained
on three different datasets¥ In another study, a
novel seizure onset detection approach was intro-
duced using the Stockwell transform and 15-layer
deep CNN, resulting higher than 95.45% sensitivi-
ties 28

In this study, we propose an image-based utiliza-
tion of TFRs obtained by the high-resolution SST
of EEG signals. SST approach provides a close to
ideal TF energy distribution by assigning the TF
components of the signal into the instantaneous fre-
quency (IF) trajectory and resulting in very high
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TF localization of the signal components. Epileptic CNN have gained popularity in recent years due to
seizures cause abrupt changes on the statistics of the high success of seizure detection, prediction, and
EEG signals which are nonstationary in nature. classification, without the need for complex calcula-
Hence, the aim of this study is to apply a high- tions, additional feature extraction and classification
resolution TF analysis method such as SST, into processes 2 In the following, the SST method utilized
the representation of epileptic EEG signals to be in our study to obtain TF images of EEG segments
able to capture the fast spectral variations of EEG is briefly introduced.

signals during seizures. We train a CNN architec-
ture with these TF images to achieve high segment-

based seizure detection and prediction performances. 2.1. Synchrosqueezing transform

The performance evaluation of both seizure detec- Synchrosqueezing Transform is a special member of
tion and prediction is based on a segment-based the reallocation methods family, and it was initially
method which consists of 1 and 5s long EEG seg- introduced to analyze auditory signals. The main
ments instead of the whole seizure event. The pro- purpose of this method is achieving a highly local-
posed approach is tested on two datasets: IKCU ized TFR by reassigning the value of TF coefficients
dataset we collected and the CHB-MIT dataset to (w,t), obtained by another TF analysis method, to
detect and predict epileptic seizures with outstand- a distinct point (wo(w,t),t), where wo(w,t) is the
ing validation accuracies. local IF. In order to achieve high-resolution TFRs

of nonstationary signals, SST algorithms based on
both CWT and STFT may be utilized TH0EI 1y
our proposed approach, Fourier (STFT)-based SST
is used to generate TF images for CNN classification.

'In this paper, a. n(?ve.l SST—b.ased DL approach is The STFT-based SST algorithm starts by calculat-
introduced to discriminate seizure and other (pre- ing the STFT “X(w,t)” of the signal “z(t)” to be
seizure or inter seizure) EEG segments. The frame-

2. Classification of Epileptic EEG
based on Time-Frequency Image

analyzed.
work of the proposed study is shown in Fig. Il The

proposed approach includes achieving joint TF repre- o0
X(w,t) = /

_ pe—iwT
sentations of seizure and pre-seizure (or inter-seizure) a(ryw(r —t)e dr, (1)

— 00

EEG segments marked by the experts by utilizing
the SST method. We use the resulting highly local- where w(t) indicates the window function. Then, the
ized TF images to train a CNN. The applications of IF of the signal “wg(w,t)” is estimated by calculating

5-Fold Cross-Validation

Test ( Train | Train [ Train | Train )-' Fold1

“W(YRMMW“M%WVMWW%WMW Tram | Test | Train | Train | Tran > Fold?2
MMWVAWNWW“WW@WWMMJM N Train Tram Test | Train | Train > Folss
------------------- | Train \ Train | J T e em
’ T | v | T | | et > )
_wwm«wmwwwwmw%ww Deep |
i % Gy M.MMWWW Network Seizure \ Pre-Seizure ]
':_- i ) il ‘A':\L bk Leave-One-Out Cross-Validation
R i A A Pt et g el s e oI .
- oot A Wiethrtofihy i ;- P1 [ P2 B3 - PN > o2
.;( ......... * - 0w il N PN g - - Pl Pt2 | P3| - LN >R
L R WAt b eyt e vt A A o ! !
| Pl P2 PL3 - PN e
L Y J \ |
: ~ Time-Frequency
International 10:20 system and Time Series of EEG Signals Images Performance Evaluation

double banana montage

Fig. 1. Proposed study framework; EEG signal acquisition with the international 10-20 system and double banana
montage, EEG time-series segmentation, generating TF images, and training and testing the deep network. Both patient-
correlated 5-fold cross-validation and patient-independent leave-one-out cross-validation methods have been used for the
robustness evaluation of the performance of the deep network (N = 16 for IKCU dataset and N = 23 for CHB-MIT
dataset).
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the derivative of “X (w,t)” with respect to time.

1
wo(w,t) = %atargX(w, t)

1 atX(w, t)
=Re| ——""22%). 2
¢ (2m X(w,1) @)
SST “T'(n,t)” can be formulated using vertical recon-
struction formula and squeezing operator ffooo o(n—
wo(w, t))dw, and the STFT coefficients that have the

same frequency details are reassigned to in which
they should appear 5T

T(n,w:ﬁ /R X(,0)50) — wolw, O)dw. (3)

To reveal the advantages of the proposed SST
approach, we also performed the traditional TF anal-
ysis method, STFT and used in our CNN-based
seizure classification. Example TF representations
calculated using both the proposed SST approach
and the STFT of pre-seizure and seizure EEG
segments are given in Fig. In our study, the
window function that will provide the best possi-
ble resolution for the STFT was chosen in order to
compare it with SST. Nevertheless, improved TF res-
olutions are achieved for both pre-seizure and seizure

400
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EEG segments using the SST approach than that of
STFT, as observed in Figs. 2i(c){2(f).

2.2. Proposed deep CNN architecture

In the proposed study, a novel network architecture is
adapted from the 50-layer Residual Neural Network
(ResNet-50) model, which is an advanced CNN archi-
tecture. ResNet-based approaches have been devel-
oped to prevent degradation and vanishing gradients
problems as the network’s depth increases in CNN
architectures 32 ResNet architecture adds shortcuts
between layers to overcome this problem. In our pro-
posed method, TFR images are used as input to train
the network. Using TFR images, the energy density
of the signals may be expressed as color pixels. In
order to achieve high classification performance, all
information in TF pixels must be processed with
minimum loss. The information in TF energy den-
sity of nonstationary signals is critical when analyz-
ing these signals®3 In recent years, TFR images have
been used frequently for training DL-based architec-
tures %35 Hence, in this study, a new CNN archi-
tecture is designed inspired by ResNet-50 architec-
ture to classify the calculated TF images. The orig-
inal ResNet-50 architecture has widely been used in

Fig. 2. The 1s-duration pre-seizure of (a) EEG segment example, (b) STFT magnitude, and (c¢) SST magnitude; and
1s-duration seizure of (d) EEG segment example, (e¢) STFT magnitude, and (f) SST magnitude.
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many studies with successful results®3 Nevertheless,
it may be further optimized for binary classifica-
tion problems with less training set. Hence, in this
study, we use an optimized version of the ResNet-
50. The proposed architecture includes fewer filters
than the ResNet-50 and aims to increase the accu-
racy of the binary classification problem compared
to the ResNet-50 while reducing the training cost.
A graphical representation of the ResNet-50-
based proposed architecture and the output dimen-
sions of the network layers are shown in Fig.[3l First,
the TF-images recorded at 500 DPI resolution are
resized to 128 x 128 x 3 dimensions to reduce the
training cost and are given as input to the deep net-
work. Then, zero-padding is performed to balance
the kernel sizes. Proposed architecture was imple-
mented in five stages. In the first stage, one convo-
lutional layer (including; convolution (Conv) (7 x 7),
strides of 2, batch normalization (BN), and rectified
linear unit (ReLU) function as the activation func-
tion) and one pooling layer (maximum) (3x3) strides
of 2 have been used, respectively. The second stage
consists of two blocks called convolutional block and
identity block, both consisting of three repetitive
convolutional layers and a step called shortcut that
adds the incoming unaltered input array to the out-
put of the convolutional layers. In the convolutional
block, unlike in the identity block, the input array
participates in the adding step after passing through
Conv and BN layers on the shortcut phase. In the
convolutional and identity blocks, the convolutional
layers have 1 x 1, 3 x 3, and 1 x 1 kernel sizes,
respectively. In the shortcut phase of the convolu-
tional block, the convolutional layer has a 1 x 1

Stage1

5 E
= (s}
o= 2
Z = = C
3 z 2l 2E 2
& sl = S he— S
o o = o g
o = 5} a =
] < < []
N S 2
® S
o o
& )
Output Shapes: 128 x 128 x 3 134x134x3 3x31x 64
Convolutional Block P—
Conv [ BN

+
J’ Conv | BN | RelU ‘Lb Conv | BN Conv | BN " RelU L Conv | BN | RelU Conv [ BN | RelU Conv | BN RelU —>

Graphical representation of ResNet-50-based proposed CNN architecture (Conv: Convolution, BN: Batch Nor-

Fig. 3.
malization, ReLU:Rectified Linear Unit).

Stage-2

Identity Block x2

31x31x 256

Epileptic EEG Classification using TF Images

kernel size. Shortcuts have been used for prevent-
ing the deep network from overfitting, and also used
to reduce and optimize computational complexity.
After the second stage, the identity block is used by
repeating 2, 3, 4, and 5 times, respectively. The pro-
posed architecture includes 50-layer similar to the
ResNet-50 architecture. The proposed architecture
was not added more layers in order not to increase
the training cost. It is modified for the binary clas-
sification problem by reducing the number of fil-
ters in the convolutional and identity blocks. The
filter numbers in repetitive convolutional and iden-
tity blocks are as follows: while Stage-1 is preserved
exactly as in ResNet-50, in Stage-2, convolutional
block and all identity blocks have 16, 32, and 64 fil-
ters, respectively. The number of filters is increased
in sub-stages so as to extract deeper features. Stage-
3 has 32, 64, 128, and 128 filters. In all sub-stages
of Stage-4, similar to the ResNet-50 architecture the
number of filters kept fixed but reduced to 128. Sim-
ilarly, the number of filters is reduced, chosen as 256,
and fixed in all sub-stages of Stage-5. Deep residual
features are extracted from the last stage. An aver-
age pooling (2 x 2) process was performed before the
fully connected layer with 8192 neurons to reduce the
large deep residual features array. Finally, the Soft-
Max function®® has been used as a binary classifier
to classify deep residual features. The deep network
has over 23.5 million trainable parameters.

During the training phase of the network, Adam
Optimizer was used, due to the effective choice of
hyperparameters. Furthermore, different batch sizes
have been tested in the training phase to obtain the
best training result, and the batch size has been

Stage-4 Stage-5
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optimized to 64 as parameter tuning. Epochs have
been selected as 50 in order to specify standards in all
training phases, not to increase the training cost, and
to observe the robustness of the model. The learning
rate was chosen as 0.1, 0.01, 0.001, and 0.0001, to
observe its effect.

2.3. Clinical EEG datasets

The proposed CNN-based seizure detection and pre-
diction approach combining with the SST is con-
ducted with two different epileptic EEG datasets.
First, epileptic EEG dataset (IKCU dataset)
recorded at Izmir Katip Celebi University School of
Medicine, Department of Neurology are examined for
the proposed study after obtaining ethical approval
(ethical approval dated 08.08.2019 and numbered
2969). This epileptic EEG dataset consists of 18-
channel EEG recordings of 5 females and 11 males
with a total of 16 epilepsy patients with an average
age of 37.3F7 (507s and 892s for pre-seizure and
seizure, respectively). EEG recordings are obtained
using the standard International 10-20 electrode sys-
tem in a total of 18 channels with a sampling fre-
quency of 100 Hz. Since it is known that epileptic
seizures are predominant in the left temporal and
frontal lobes for these patients, temporal and frontal
lobes weighed 10-EEG channels (Fpl1-F7, F7-T1, T1-
T3, T3-T5, Fpl-F3, Fp2-F8, F8-T2, T2-T4, T4-T6,
Fp2-F4) are used in our study. 1s and 5s long seg-
ment durations are tested in the proposed segment-
based seizure detection study to calculate the TFRs
using both SST and STEFT methods.

Another dataset used in the proposed study is
the publicly available 23/18 channel EEG recordings
collected at Childrens Hospital Boston (CHB-MIT
dataset) 37 This dataset includes EEG recordings of
22 pediatric patients (5 males aged between 3 and 22;
and 17 females aged between 1.5 and 19) and total of
24 recordings with 256 Hz sampling frequency. In our
study, 10-channel (FP1-F7, F7-T7, T7-P7, FP1-F3,
T7-FT9, FP2-F8, F8-T8, T8-P8, FP2-F4, FT10-T8)
EEG signals of the first 23 subjects are utilized to
satisfy the similar channel positions with the IKCU
dataset. On this dataset, the proposed approach is
applied for (i) segment-based seizure detection: using
10-min inter-seizure segments prior to minimum of
1h from onset of all selected seizures were extracted
considering the data description of the CHB-MIT

dataset and seizure segments, (ii) segment-based
seizure prediction: using 5-min pre-seizure EEG seg-
ments just before seizure onset and inter-seizure
EEG segments. 10-min inter-seizure segments prior
to the minimum of 1 h to the onset of the selected all
seizure segments of a patient were obtained consid-
ering data description of the CHB-MIT dataset.

3. Results

In this study, the proposed method based on the TF
analysis, described in Sec. 2 is tested on IKCU and
CHB-MIT datasets. All training and testing proce-
dures were performed on Nvidia GeForce RTX 2080
TI graphics processing unit and 64 GB random-
access memory using Tensor Flow 2.1 and Cuda 10.2.

Two different cross-validation methods are
adopted to evaluate the robustness of the proposed
models. The k-fold cross-validation (CV)2% method
is utilized based on a patient-correlated detection
(PCD) approach where the trained model contains
a mixed amount of data from all patients. Hence,
the trained model preserves some of the character-
istics of all patients used for training. Although this
method does not evaluate well the accuracy in test-
ing new patients, it is more successful in testing
the data unused for training the model. The other
method used for testing our results is the leave-
one-out cross-validation (LOOCV) B8 n the LOOCV
method, the subjects-folds used for testing are not
considered for training. Therefore, it can be used
for patient-independent detection (PID) validation.
In the PID method, since the patient data used as
test data are not included in any training phase,
the trained model does not have any characteris-
tic features of these patient data. Therefore, com-
pared to the PCD method, this method better eval-
uates accuracy in testing new patients. Moreover, the
LOOCYV method is advantageous in choosing a more
robust model compared to other CV methods?? In
this study, since patients are selected and excluded,
the LOOCV method works as a leave-subject-out CV
approach.

Additionally, recall (REC), precision (PRE),
accuracy (ACC), Fl-Score (F1-S), area under
the receiver operating characteristic curve (ROC-
AUC) B8 and mean squared error (MSE)3 val-
ues are calculated during the segment-based evalu-
ation phasé?? of the proposed models, in order to
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investigate the imbalanced dataset effects further.
Moreover, imbalance ratio (IRY* values are calcu-
lated for all training sets.

3.1. Experimental results and
discussion using IKCU dataset

Using the IKCU dataset which includes 10-
channel EEG signals of 16 epilepsy patients,
segment-based seizure detection approach is per-
formed. All pre-seizure and seizure EEG segments
are divided into nonoverlapping 1s- and 5 s-long seg-
ments. The high-resolution TFR of each EEG seg-
ment is calculated using the SST method. The mag-
nitude square of SST matrices are considered as
images and used as input for the proposed CNN
architecture. PID and PCD validation methods are
used to test the performance of the proposed image-
based CNN approach. Two different segment dura-
tions are tested in order to reveal the contribution of
the duration—TF resolution to the performance of the
proposed approach. The number of segments used to
training and test phases of the proposed approach
for all cases are given in Table [Tl

In the PCD approach, IR is 1 for both 1s and
5s long segments. In the PID approach, IR is cal-
culated as 1.004 and 1.011 for 1s and 5s segments,
respectively. Hence, no imbalanced dataset effect was
encountered during the training of the IKCU dataset.
Initially, we compared the proposed ResNet-50-based
architecture to the traditional ResNet-50 architec-
ture. The comparison was conducted with the 5s
long SST segments obtained from the IKCU dataset.
Traditional ResNet-50 is tested using PCD and PID
validation methods, and average ACC of 94.78% and
90.97% were obtained respectively. The proposed
architecture achieved an average ACC of 99.06% and

Table 1. The number of segments reserved for training
and testing for IKCU dataset.

5s Duration

CV Type 5-fold-CV  LOOCV 5-fold-CV  LOOCV

1s Duration

Tr-S 7856 9206 1520 1781
Te-S 1964 614 380 119
Tot-S 9820 9820 1900 1900

Notes: Tr-S=Training, Te-S=Testing, and Tot-S=
Total Size.

Epileptic EEG Classification using TF Images

97.22% and revealed an average of 5.27% signifi-
cant difference compared to the traditional ResNet-
50 architecture. Further, it takes 519 s to train the
traditional ResNet-50 architecture and 428 s to train
the proposed modified ResNet-50 architecture using
5s long SST images. Thus, the proposed architec-
ture provides a 17.53% gain of training time. There-
fore, all subsequent experiments are conducted on
the proposed architecture. Additionally, we compare
our results by the SST approach with spectrograms
obtained by the traditional TFR approach, STFT.
In our experiments, a Hamming window and over-
lap of 50% are utilized for STFT calculation for
both 1s and 5s long EEG segments. The seizure
detection performance for all cases in terms of REC,
PRE, ACC, cross-entropy (CE)-Loss, and F1-S for
the segment-based analysis are presented in Tables
2ol

Segment-based seizure detection performance for
the 1s segment duration using PID method is pre-
sented in Table 2 For 1s segment duration, while
by using the SST-based CNN approach, the high-
est patient-independent seizure detection perfor-
mance (97.72% ACC, 100% PRE, 95.40% REC, and
97.62% F1-S) is achieved for “Patient-15”, the maxi-
mum seizure detection performance (89.57% ACC,
91.03% PRE, 87.41% REC, and 89.18% F1-S) is
obtained utilizing the STFT-based CNN approach
for “Patient-16”. For the same validation model of 5s
segment duration, similarly, maximum seizure detec-
tion performance (100% ACC, PRE, REC, and F1-
S) is achieved using the SST-based CNN approach
for “Patient-14”. However, lower seizure detection
performances have been achieved using STFT-based
CNN approach (shown in Table B)). In addition to
the performance evaluation values given in Tables
and Bl and the average ROC-AUC values are cal-
culated. In the PID approach, the ROC-AUC values
obtained using SST 1s, STFT 1s, SST 5s, and STFT
5s are 0.963, 0.912, 0.987, and 0.944, respectively.

We also tested the performance of SST- and
STFT-based CNN approaches for segment-based
epileptic seizures detection using PCD validation
method (Table H]). For 1s segment duration, the
best seizure detection accuracy calculated using the
“Fold-2” PCD model of SST-based CNN approach
is 96.54%, which is significantly higher than the best
accuracy calculated using the “Fold-17 PCD model
of STFT-based CNN approach (88.34%). Similarly,
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Table 2.

validation model for 1s long EEG segments of the IKCU dataset.

The segment-based seizure detection performance obtained using the PID

SST 1s (%) STFT 1s (%)
Patient ACC PRE REC F1-S ACC PRE REC F1-S
Patient-1 96.58 98.72 94.77  96.70 | 86.97 89.74 8537  87.50
Patient-2 96.09 98.40 94.17  96.24 | 86.16 88.78 84.71  86.70
Patient-3 93.65 97.12 90.99 93.96 | 8274 8526 81.60 83.39
Patient-4 91.37 96.47 87.76  91.91 | 82714 8494 81.79 83.34
Patient-5 91.21 96.79 87.28 91.79 | 83.39 8590 8221 84.01
Patient-6 95.77 98.08 93.87 95.93 | 85.69 88.18 84.40 86.25
Patient-7 95.77 98.40 93.60 95.94 | 85.18 87.82 83.79 85.76
Patient-8 96.74 99.04 94.79  96.87 | 87.79 90.38 86.24  88.26
Patient-9 95.90 98.40 93.88 96.09 | 87.79 90.71  86.02 88.30
Patient-10  95.28 97.76 93.27 9546 | 85.18 87.50 84.00 85,71
Patient-11 ~ 94.95 97.44 92.97 95.15 | 8550 88.14 84.10 86.07
Patient-12  91.69 96.79 88.05 92.21 | 83.50 8590 8246 84.14
Patient-13  92.02 97.12 88.34 92.52 82.90 85.26 81.85 83.52
Patient-14  97.39 99.68 95.40 9749 | 83.27 91.03 86.59 88.75
Patient-15 97.72  100.0 95.36  97.62 | 83.76  91.67 86.93 89.24
Patient-16 ~ 97.07 99.36 95.09 97.18 | 89.57 91.03 8741  89.18
Average 94.95 98.10 92.47 95.19 | 85.76 88.27 84.34 86.26
Table 3. The segment-based seizure detection performance obtained using the PID valida-
tion model for 5s long EEG segments of the IKCU dataset.
SST 5s (%) STFT 5s (%)
Patient ACC PRE REC F1-S ACC PRE REC F1-S
Patient-1 99.16 100.0 98.39 99.19 96.64 96.72 96.72  96.72
Patient-2 98.32 100.0 96.83 98.39 94.96 95.08 95.08  95.08
Patient-3 96.64 96.72 96.72 96.72 90.76 93.44 89.06  91.20
Patient-4 94.96 95.08 95.08 95.08 89.92 91.80 88.89  90.32
Patient-5 94.12 95.08 93.55 94.31 89.92 90.16 90.16  90.16
Patient-6 97.48 96.72 98.33 97.52 93.28 93.44 93.44 93.44
Patient-7 97.48 98.36 96.77 97.56 95.80 96.72 95.16  95.93
Patient-8 99.16 100.0 98.39 99.19 97.48 98.36 96.77  97.56
Patient-9 99.16 98.36 100.0 99.17 99.16 100.0 98.27  99.13
Patient-10 98.32 98.36 98.36 98.36 95.80 95.80 96.67  96.23
Patient-11 98.32 98.36 98.36 98.36 94.12 95.08 93.55  94.31
Patient-12 92.44 93.44 91.94 92.68 90.76 95.08 87.88  91.34
Patient-13 91.60 93.44 90.48 91.94 89.92 95.08 86.57  90.63
Patient-14  100.0 100.0 100.0 100.0 98.32 98.36 98.36  98.36
Patient-15 99.16 100.0 98.39 99.19 97.48 98.36 96.77  97.56
Patient-16 99.16 98.36 100.0 99.17 96.64 96.72 96.72  96.72
Average 97.22 97.64 96.97 97.30 94.44 95.64 93.75 94.67

for the 5s segment duration, the highest seizure
detection accuracy (99.47%) for the SST-based CNN
approach is achieved using “Fold-4” PCD model, but
the maximum seizure detection accuracy (98.68%)
is obtained using the “Fold-2” PCD model for the
STFT-based CNN approach. Additionally, for both
1s and 5s long segment durations, all average recall,
precision, and F1l-score values calculated using the
SST-based CNN approach (for 1s: 93.56% REC,

97.01% PRE, and 95.25% F1-S; and for 5s: 99.18%
REC, 98.99% PRE, and 99.08% F1-S) are signifi-
cantly higher than those calculated for the STFT-
based CNN approach (for 1s: 86.88% REC, 88.56%
PRE, and 87.71% F1-S; for 5s: 95.37% REC, 98.01%
PRE, and 96.67% F1-S). It is also observed that
the average CE-Loss calculated using the SST-based
CNN approach is lower than that of the STFT-based
CNN approach for all cases. In the PCD approach,
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Table 4. The segment-based seizure detection performance obtained using the PCD validation
model for both 1s and 5s long EEG segments of the IKCU dataset.

SST STFT
Folds ACC Loss PRE REC F1-S | ACC Loss PRE REC F1-S
Fold-1 9542 0.256  97.03 94.23 95.61 | 88.34 0.387 88.77 87.00 87.88
Fold-2 96.54 0.242 98.68 94.13 96.35 | 85.92 0.450 87.75 85.30 86.51
1s Fold-3 93.78 0.289  96.26 91.96 94.06 | 86.83 0.423 87.75 86.80 87.27
Fold-4 96.08 0.243  96.94 95.53  96.23 | 88.03 0.396 89.31 87.65 8847
Fold-5 93.71 0.289  96.14 91.95 94.00 | 87.79 0.398 89.22 87.66 88.43
Average 95.11 0.264 97.01 93.56 95.25 | 87.38 0.411 88.56 86.88 87.71
Fold-1  99.25 0.017 98.51  100.0 99.25 | 94.21 0.121 96.52 92.82  94.63
Fold-2  98.95 0.018  99.00 99.00 99.00 | 98.68 0.075 100.0 97.57 98.77
5s Fold-3 99.21 0.018 99.44 99.01 99.22 | 96.32 0.086 98.01  95.17 96.57
Fold-4 99.47 0.017 100.0 98.88  99.44 | 95.53 0.098 97.51 94.23 95.84
Fold-5 98.42 0.019 98.01 98.99 98.50 | 97.37 0.079 98.01 97.04 97.52
Average 99.06 0.018 98.99 99.18 99.08 | 96.42 0.092 98.01 95.37 96.67
Notes: Loss: Cross-Entropy Loss; all ACC, REC, PRE, and F1-S values are given as %.
Accuracy —e—MSE Accuracy —e—MSE
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(a)
Fig. 4.

SST1ls SST5s STFT1ls STFT5s CWT5s

(b)

Comparison of average accuracy and MSE obtained using (a) PID (standard deviations for accuracy values:

F2.24% (SST 1s), ¥2.58% (SST 5s), F2.27% (STFT 1s), ¥3.26% (STFT 5s), and 72.31% (CWT 5s)) and (b) PCD
(standard deviations for accuracy values: F£1.30% (SST 1s), F0.40% (SST 5s), F0.99% (STFT 1s), F1.71% (STFT 55),
and F0.35% (CWT 55s))-based validation models for IKCU dataset.

the average ROC-AUC values obtained using SST
1s, STFT 1s,SST 55, and STFT 5s are 0.970, 0.942,
0.996, and 0.973, respectively.

In addition, to further explore the advantages of
the proposed SST-based CNN approach, all steps
of the classification algorithm are repeated utilizing
a CWT on 5s long segments. In our experiments,
Morlet wavelet is employed, a frequently utilized
mother wavelet, to calculate the scalogram of EEG
segments®2 which are used to train the network.
The average accuracy and MSE values are demon-
strated for tested TFR methods, and validation mod-
els in Figs. @(a) and E(b). It is noteworthy that,
while the CWT-based approach yields higher aver-
age ACC and lower average MSE values compared to

the STFT method, the proposed SST approach pro-
vided the highest average ACC and lowest average
MSE values for both validation models. Additionally,
each approach provides higher average performance
metrics using PCD-based validation model.

As shown in Table Bl resulting ACC and calcu-
lated training durations are given for various learning
rate hyperparameters in the PCD method. The best
scenario in all segments occurred at a 0.001 learn-
ing rate. Although the models provide lower train-
ing time at higher learning rates, they reached local
minima points. Using a lower learning rate of 0.001,
we reach the global minimum. The best training and
validation ACC, CE-Loss values, and the best con-
fusion matrix in the test phase of the PCD method
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Table 5.  Average accuracy and training duration comparison versus learning rate hyperparam-
eters in PCD-based approach for each fold in the IKCU dataset.

SST 1s SST 55 STFT 1s STFT 5s
Learning rate ACC (%) TT (s) | ACC (%) TT (s) | ACC (%) TT (s) | ACC (%) TT (s)
0.1 92.45 578 96.95 111 83.69 613 94.68 98
0.01 93.55 1093 98.41 234 84.96 1058 95.89 189
0.001 95.11 2168 99.06 428 87.38 2000 96.42 346
0.0001 94.67 4076 97.43 973 86.98 4004 95.76 798

Notes: TT = Training Time.
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Fig. 5. Example performance graphs obtained in the 4th-fold of PCD method with 5s long SST segments; the best (a)
training and validation accuracies, (b) CE-Losses, and (c) the confusion matrix in the IKCU dataset.

with 5s SST segments are given in Fig.[Bl Note that,
ACC values converge to the upper and CE-Loss val-
ues converge to the lower limits. Therefore, overfit-
ting or underfitting are not observed in any of the
trained models. Notice also that SST 5s models are
converged before 50 epochs, hence it is fixed to 50 to
compare all models on equal conditions. Moreover,
SST 5s model is almost fully capable of distinguish-
ing seizure from pre-seizure.

Based on the conducted experiments, the high-
est performing 5s long SST images are selected and
used to train several well-known architectures. Test-
ing phase performance comparisons with that of
the proposed network are shown in Fig. [0l Results
emphasize the superiority of the proposed architec-
ture in classifying SST images. Notice that, AlexNet
yields the lowest classification performance. The pro-
posed ResNet-based architecture provides a signifi-
cant improvement of 5.27% compared to traditional
ResNet-50 53285 24 33% compared to AlexNet 3443
12.86% compared to VGG1653% and 15.59% com-
pared to SqueezeNet 34

3.2. Experimental results and
discussion using CHB-MIT scalp
FEEG database

We applied the proposed SST-based CNN approach
to CHB-MIT Epileptic EEG dataset which was pre-
viously employed in other DL studies, and compared
our performance with existing literature. Two differ-
ent classification problems are addressed using this
dataset. Segment-based seizure detection: the SST-
based CNN model is trained to differentiate between
inter-seizure and seizure EEG segments, Segment-
based seizure prediction: the model is trained to dis-
tinguish inter-seizure and pre-seizure EEG segments.
Signals in this dataset are sampled with 256 Hz pro-
viding a sufficient TF resolution. Hence, the pro-
posed approach is only conducted using 1s long seg-
ment duration. Using LOOCV- and CV-based val-
idation models for segment-based seizure detection
and prediction, we evaluate the performance of our
proposed approach.

In addition, the patient-independent prediction
(PIP) approach similar to the PID method, and the
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IKCU dataset.

patient-correlated prediction (PCP) approach sim-
ilar to the PCD method utilized above were used
to validate the success of segment-based seizure pre-
diction models on the CHB-MIT dataset. For this
experiment, variable number of training and testing
sets are formed because the number of seizure seg-
ments of each patient is different. Using the CHB-
MIT dataset, in the PCD-based method, a total of
23,080 SST segments are used, with 18,464 for train-
ing and the rest of 4616 for testing in each fold. This
data includes a total of 9280 seizure segments and a
total of 13,800 inter-seizure segments (600 segments
for each subject). Seizure segments are variable in
each patient and contain an average of 403 (min 66
and max 1396) SST 1s segments. In this method,
the IR was calculated as 1.49. In the PCP-based

Table 6.

Epileptic EEG Classification using TF Images

method, a total of 20,700 SST segments are used,
where 16,560 segments used for training and 4140
for testing at each fold. These segments include a
total of 6900 pre-seizure segments (300 segments for
each subject) and a total of 13,800 inter-seizure seg-
ments (600 segments for each subject). Furthermore,
in the PIP-based method, 19,800 segments are used
for training and 900 segments for testing at each fold.
In both PCP and PIP methods, the IR value was cal-
culated as 2. As the PID method contains a variable
number of seizure segments like the PCD method,
an average of 22,077 segments for training and 1003
segments for testing are used in each fold. In this
method, the IR value was calculated as 2.25. The
reason for the data imbalance is the variation in the
number of seizure segments in CHB-MIT database.
Although IR affects our models, its level is negli-
gible. Performance evaluation results of the experi-
ments carried out with the proposed approach are
demonstrated in Tables @ and [1 for the segment-
based seizure detection and prediction tasks, respec-
tively.

It can be observed from Table [0 that gener-
ally high segment-based seizure detection perfor-
mances in terms of accuracy (> 99.35%), preci-
sion (> 99.64%), recall (> 99.10%), and F1l-score
(> 99.46%) are achieved using the PCD validation
model. The proposed SST-based CNN approach pro-
vides equally high performance for the more chal-
lenging segment-based seizure prediction problem
with accuracy (> 96.33%), precision (> 98.88%),
recall (> 95.75%), and Fl-score (> 97.29%) for
the PCP validation model. On the other hand, by
using the PID validation model (given in Table [1),
while maximum segment-based seizure detection per-
formances (100% ACC, PRE, REC, and F1-S) are

The segment-based seizure detection (inter-seizure versus seizure) and segmen-

t-based seizure prediction (inter-seizure versus pre-seizure) performances of the proposed
SST-based CNN approach obtained using the CV-based validation model for 1s EEG seg-

ments of the CHB-MIT dataset.

Seizure detection Seizure prediction
Folds ACC Loss PRE REC F1-S | ACC Loss PRE REC FI1-S
Fold-1 99.76 0.011 99.86 99.75 99.80 | 96.81 0.143 99.13 96.20 97.64
Fold-2 99.46 0.015 99.64 99.46 99.55 | 97.10 0.115 99.28 96.48 97.86
Fold-3 99.61 0.013 99.71  99.64 99.67 | 97.71 0.087 99.46 97.17 98.30
Fold-4 99.35 0.017 99.82 99.10 99.46 | 96.33 0.194 98.88 95.75 97.29
Fold-5  99.98 0.009 100.0 99.66 99.83 | 96.62 0.169 98.99 96.06 97.50
Average 99.63 0.013 99.81 99.52 99.66 | 96.91 0.142 99.15 96.33 97.72

Notes: Loss: Cross-Entropy Loss; all ACC,
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Table 7. The segment-based seizure detection (inter-seizure versus seizure) and seg-
ment-based seizure prediction (inter-seizure versus pre-seizure) performances of the
proposed SST-based CNN approach obtained using the LOOCV-based validation
model for 1s EEG segments of the CHB-MIT dataset.

Seizure detection (%) Seizure prediction (%)

Patient ACC PRE REC F1-S ACC PRE REC F1-S

chb01 99.17 99.33 99.17 99.25 99.44 99.67 99.50 99.58

chb02 99.09 99.16 99.66 99.41 98.88 99.17 99.17 99.17

chb03 98.60 99.67 99.00 99.33 98.65 99.00 99.00 99.00

chb04 98.96 98.83 99.66 99.24 99.22 99.50 99.33 99.41

chb05 99.22 99.67 98.84 99.25 98.31 98.67 98.83 98.75

chb06 99.59  100.0 99.50 99.75 97.75 98.33 98.33 98.33

chb07 100.0 100.0 100.0 100.0 99.78 99.83 99.83 99.83

chb08 99.34 99.83 98.52 99.17 96.63 97.33 97.66 97.49

chb09 99.89 99.83  100.0 99.91 |100.0 100.0 100.0 100.0

chb10 99.14 99.67 98.84 99.25 96.18 97.00 97.32 97.16

chbl11 99.50 99.17 99.66 99.41 98.78 99.17 99.00 99.08

chb12 99.68 99.33  100.0 99.66 95.96 96.83 97.16 96.99

chb13 99.30 99.50 99.50 99.50 94.44 96.67 95.08 95.87

chb14 99.48 99.50 99.83 99.66 99.11 99.50 99.17 99.33

chb15 99.60 99.67 99.01 99.34 96.18 97.00 97.32 97.16

chb16 98.06 99.17 98.67 98.92 95.73 96.67 96.99 96.83

chb17 98.66 99.33 98.68 99.00 95.56 97.50 95.90 96.69

chb18 98.26 98.50 98.83 98.66 99.00 99.33 99.17 99.25

chb19 99.16 99.50 99.33 99.41 99.33 99.67 99.34 99.50

chb20 99.66 99.83 99.67 99.75 | 100.0 100.0 100.0 100.0

chb21 97.00 98.67 97.37 98.02 93.89 96.33 94.60 95.46

chb22 99.50  100.0 99.34 99.67 99.67 99.83 99.67 99.75

chb23 100.0 100.0 100.0 100.0 99.56 99.50 99.83 99.66

Average 99.17 99.49 99.26 99.37 97.92 98.54 98.36 98.45
obtained for patients chb07 and chb23, the highest Accuracy —e=MSE
segment-based seizure prediction performances are w00 | 223 96.91 ». 97:'[92 L os
achieved (100% ACC, PRE, REC, and F1-S) for .
patients chb09 and chb20 using PIP approach. Addi- ¥ ro4 @
tionally, the average accuracy and MSE values are § %
given in terms of conducted task and validation mod- ] ° o2 S
els, in Fig. [l Note that the PCD validation model 3 . | L o2 ‘Z’-
shows higher average segment-based seizure detec- < P
tion ACC (99.63%) and lower average MSE values 20 Lox =
(0.003), PIP validation model provides better per- o.(i(f/o'ibooa 0.020
formance (97.92% ACC, and 0.02 MSE) for segment- 0 ' ‘ ' 00

PCD PCP PID PIP

based seizure prediction task.
Performance comparison of recent segment-
based seizure detection and prediction studies con-
ducted on the CHB-MIT dataset with the pro-
posed approach is demonstrated in Table B The
best performance evaluation results are highlighted
in boldface numbers. Hossain et al™ introduced a
segment-based seizure detection approach in which
the multi-channel raw EEG data were used as input

to the CNN model. Using the cross patient validation

Fig. 7. Comparison of average accuracy and MSE val-
ues obtained using segment-based PCD, PCP, PID, and
PIP models (standard deviations for accuracy values:
F0.25%, F0.53%, F0.69%, and F1.90%, respectively) in
the CHB-MIT dataset.

model, the proposed approach provides the aver-
age 90.00% SEN, 91.65% SPE, 98.05% ACC for
all patients. In another study®? four-class segment-
based seizure detection approach was proposed.
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Table 8. Comparison of recent segment-based seizure detection and prediction studies conducted using CHB-MIT

dataset with proposed work.

No. of  Feature Classifier ~ No.of  ACC (%) REC (%)
Approach  Study patients seizures
Ayodele et al28 23 Features maps RCNN 198 — 71.45
Li et al®® 24 EEG time-series NLSTM 127 95.29 95.42
Liang et al®3 23 EEG waveforms LRCN 198 99 84
Hossainet al. 23 EEG time-series CNN 198 98.05 90.00
Seizure Thodorof et al27 23 Image based LSTM 198 — 85.00
detection Wei et al® 24 EEG time-series CNN 151 81.49 70.68
Zhang et 133 9 STFT CNN — 98.26 98.01
Zhou et al%8 24 EEG time series CNN — 62.3 61.2
Zhou et al®9 24 EEG frequency- CNN — 97.5 96.9
series
This work?® 23 SST CNN 144 99.17 99.26
This work” 23 SST CNN 144 99.63 99.52
Liu et al*7 2 EEG features CNN 36 — 91.5
Shahbazi et al*8 14 STET LSTM 49 — 98.21
Seizure Tsiouris et al40 24 EEG features LSTM 185 — 99.84
prediction  Zhou et al28 24 EEG time series CNN — 59.5 61.8
Zhou et o148 24 EEG frequency- CNN — 95.6 94.2
series
This work?® 23 SST CNN 144 97.92 98.36
This work” 23 SST CNN 144 99.91 96.33

Notes: *Performance evaluation results obtained using PID-based validation model.
PPerformance evaluation results obtained using PCD-based validation model.

REC: Sensitivity (SEN).

EEG waveform images of normal, pre-seizure, seizure
and post-seizure EEG data were used as input to
an 18-layer Long-Term recurrent convolutional net-
work (LRCN). By using cross patient seizure detec-
tion model, 84% sensitivity, 99% specificity, and
99% accuracy were achieved. The segment-based
seizure detection approach was proposed by using
the multi-channel time-series EEG signals-based 12-
layer CNN model in another study. The merger of
the increasing and decreasing sequences (MIDS) and
data augmentation method was utilized, separately,
and achieved cross patient performance evaluation
results. Using multi-channel EEG, 70.68% sensitiv-
ity, 81.49% ACC, and 92.30% specificity values were
achieved# In a study conducted by Zhang et al. 2
three different CNN models (VGG16, VGG19, and
ResNet-50) based segment-based seizure detection
approaches were performed using STFT-based pre-
processing step. Maximum 98.26% seizure detection
accuracy was achieved using nine patients’ EEG
recordings. It is noteworthy that among all seizure

detection methods compared, both PID and PCD
validation results of our SST-based CNN methods
are significantly higher.

Further, the segment-based seizure prediction
performance of the proposed SST-based CNN
approach is tested and compared with similar studies
in the literature (given in Table[§). The 3-layer CNN-
based seizure detection and prediction method using
the CHB-MIT dataset has been presented using
both time domain and frequency domain signals
as inputs for classification®¥ In the segment-based
seizure detection, while this approach presented an
average of 62.3% ACC and 61.2% REC values for
the time domain inputs, for the frequency domain
inputs average of 97.5% ACC and 96.9% REC val-
ues were presented. Additionally, in the segment-
based seizure prediction, average of 95.6% ACC and
94.2% REC values were achieved for the frequency
domain inputs. LSTM-based CNN method is uti-
lized in another segment-based seizure prediction
study. Spectrograms of corresponding signals were
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used as input. For 14 patients, an average of 98.21
SEN was obtained ®® The performance of segment-
based seizure prediction obtained in that study is
higher than that of our study. While EEG data of
14 patients and 49 seizure segments are examined in
that study, EEG data of 23 patients and 144 seizure
segments are evaluated in our study. In another
segment-based seizure prediction study#¥ statistical
moments, zero crossings, WT coefficients, PSDs of
EEG subbands, and cross-correlation were calculated
as features and utilized as input for LSTM. For the
pre-seizure window of 120 min, an average of 99.84%
SEN and 99.86% SPE were achieved for 24 patients.
In that study, higher segment-based seizure predic-
tion sensitivity was obtained compared to the pro-
posed approach at the expense of comprehensive and
computationally expensive feature extraction step.

Seizure events cause changes in time and fre-
quency characteristics of EEG signals. Thus, the cor-
rect distribution of epileptic EEG signals energy into
the joint time-frequency plane is very effective in
the classification process. SST is a recently devel-
oped TF reassignment method that provides a close
to an ideal representation of nonstationary signals
in the TF plane. In our recent Work, TF repre-
sentations obtained by SST are used as input for
both machine and DL methods using only IKCU
Epilepsy dataset. Higher order TF moments are
manually extracted and classified using three classi-
fiers. Higher classification performance is achieved by
using a standard CNN architecture trained by SST
images. The present study presents utilization of the
high-resolution TF representations obtained by SST
in the segment-based classification of epileptic EEG
signals. We propose treating those SST energy dis-
tributions as images and utilize them in the training
of a deep network. Among other network architec-
tures, the proposed modified ResNet-50 architecture
yielded better classification performance. The layer-
filters of the proposed architecture are optimized
according to our classification problem. Further, the
hyperparameters used in the training of the network
are fine-tuned by making performance comparisons.
While constructing the deep network, it was aimed to
extract all valuable information of the energy distri-
bution in TFR images with residual features. Exper-
imental results have emphasized the advantages of
the proposed architecture in the segment-based clas-
sification problem.

4. Conclusion

In this study, a novel and effective approach is
proposed to detect and predict epileptic seizures
using EEG signals. TF spectra of EEG segments
are obtained by SST transform, which is a recent
and popular high-resolution TF analysis approach.
These TF images are used to train a ResNet-based
CNN architecture. The proposed method was tested
on two different datasets (IKCU and CHB-MIT) in
order to validate its robustness, and compare its
success with existing studies. Moreover, two differ-
ent CV methods have been used to prove the trans-
parency of the obtained results. Especially, SST was
used the first time to analyze epileptic EEG sig-
nals in conjunction with DL, as well as TF-images
obtained from SST were used to train a CNN archi-
tecture the first time, to the best of our knowledge.
Results demonstrated that outstanding performance
is achieved in predicting and detecting seizures from
EEG signals. Particularly, the validation of the pro-
posed models with the PIP-based method indicates
that it works well in testing new patients. The
proposed SST-based method having lower compu-
tational complexity (O(N,Nlog?N)f™ than most
of the high-resolution TF approaches®TH2 and
encouraging performance evaluation results suggest
that the proposed DL approach may be used espe-
cially in pre-seizure alert applications.
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