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Abstract

Accurate prediction of epileptic seizures based on electroencephalogram ( EEG) can assist doctors in taking
timely treatment measures for patients. Previous prediction methods almost ignored the interaction and correlation
among channels and the spatial domain information of multi-channel electrode positions, which may contain salient
information related to epileptic states. A two-dimensional (2D) convolutional block attention module ( CBAM )
based squeeze-excitation (SE) network (TDCBAM-SENet) was proposed in this paper. Firstly, the time-frequency
(TF) domain features of multi-channel EEG signal are utilized to design a three-dimensional (3D ) matrix
according to the relative positions of electrode channels. Then, the 2D CBAM (TDCBAM) is proposed to extract
the high-level abstract features of salient information within channels by the channel attention module (CAM) and
spatial location features by the spatial attention module (SAM). In addition, the SE model dynamically adjusts the
weight of channels based on the spatial position information to capture the interaction information among channels.
Finally, a multi-layer perceptron is introduced for classification. The CHB-MIT dataset is employed to evaluate the
TDCBAM-SENet. Experimental results demonstrate that the 3D feature matrix effectively represents epilepsy salient
information within and between EEG channels, and the TDCBAM-SENet can efficaciously mine the high-level

abstract features of these information for epilepsy prediction.

Keywords seizure prediction, electroencephalogram (EEG) , channel spatial location, epilepsy

1 Introduction electrical activity in the brain, the clinical

manifestations of epilepsy are complex and diverse.

Epilepsy is a disease caused by the sudden abnormal
discharge of brain cells, affecting approximately 50
million people worldwide'''. Due to the different

starting sites and transmission modes of abnormal
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This problem attracts the attention of researchers, it
also brings certain challenges to the field of biomedical
signal processing'>'. EEG places multiple electrodes in
based on

different parts of the brain voltage

fluctuations, which identify and record electrical
activity in the brain and detect signs of abnormal
discharges. The feasibility and effectiveness of EEG-
based seizure prediction are confirmed’.

One of the important challenges for EEG seizure

prediction is extracting discriminative EEG features of
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the epileptic activity. Sun et al. proposed a channel
attention method to fuse spatiotemporal features, which
enables  simultaneous  acquisition of  temporal
information, spectral information, and spatial position
signals'*'.  In  addition,

( CNN ) and bi-
directional long short-term memory ( Bi-LSTM ) are

information in EEG
convolutional neural networks
employed to extract features representing channel
spatial position information and temporal information in
EEG signals'”.

selection algorithm to eliminate unnecessary redundant

Zhong et al. proposed a 2D feature

features, which employed support vector machines

[6]

(SVM) for accurate classification Furthermore ,

Feizbakhsh et al.

space, which ensured that the data density within each

clustered EEG signals in phase

cluster is suitable for classification'”'. In addition, Ra
et al. enhanced the TF resolution of EEG features
using synchro extracting transformation and singular

value decomposition ( SET-SVD ), followed by the
utilization of CNN for seizure state classification'® .
Ozcan et al. merged hand-crafted features extracted
from prior knowledge with hidden deep features, and
fed the combined features into a multiplicative long
short-term memory ( MLSTM ) to delve into the time-
series dependencies of EEG". Xu et al. utilized soft
threshold denoising and an attention mechanism within
the neural network to extract relevant features '’ .
Currently, the most common deep model for
epilepsy prediction based on EEG signals is CNN. Li
et al. input the TF features into an alternating
structure to model local features and long-range
dependencies, which combines the complementary
advantages of CNN and transformer''"!. Shi et al.
developed an EEG preprocessing module using CNN

and stochastic resonance effect '’

This innovative
module cannot only prevent the loss of EEG signals,
but also provide information on different frequencies to
improve the quality of EEG signals. Zhang et al.
calculated Pearson correlation coefficients to obtain a
correlation matrix, and used a lightweight CNN model

3] In addition, in

to classify the correlation matrix
order to make use of the spectral representation of

epilepsy rhythm, Ein Shoka et al. proposed a CNN-

based transfer learning ( TL) model, which encrypted
2D spectrogram images transformed by EEG time

series, and fed them into the model for classification

[14]

and prediction As mentioned above, although

CNN has made some progress in the existing research

there are still some shortcomings. Such as CNNs have

difficulty tracking complex nonlinear structures'"’

low-dimensional

correlations between EEG channels!'’ .

which can only learn spatial
In particular,
when processing EEG data, there are limitations in
dealing with high-dimensional time series data and
long-distance dependencies between channels. To
address the issues, in the latest research of epileptic
seizure prediction, Wang et al. used the phase-locked
value (PLV) in EEG data to construct the adjacency

matrix of the graph edge''’.

Chen et al. developed
the joint graph structure and representation learning
network ( JGRN ) for joint optimization of patient
specific temporal channel connection weights''®!.
Dissanayake et al. proposed an epileptic seizure
predictor independent of the subject to realize the

"1 In order to fully

prediction of epileptic seizures
extract the temporal information of epileptic EEG,
Zhong et al. introduced differential entropy ( DE)
applied to spatially coupled reasoning in network
topology to calculate the temporal correlation of EEG

]

and generate graph nodes'”’. Li et al. proposed a

time-spectrum compression and excitation scheme to
high-
designed a
lightweight CNN architecture based on EEG data, and
they reparameterized the modified Monte Carlo dropout
( RepNet-MMCD )

feature representation

reduce the information redundancy of

dimensional features'?’. Li et al.

strategy to obtain multi-scale
2] In addition, the power
spectral density ( PSD ) is used to separate the
periodic and aperiodic components of the signal using
parametric methods'>’.

Although the existing epilepsy prediction research
has made great progress, there are still some
challenges. Firstly, due to the volume conductivity
effect, the reactions between two physically adjacent
electrodes tend to be similar. During the process of

epileptic state transition, the changes of EEG signals in
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different brain regions are not synchronized. Therefore,
the correlation between these channels may contain
salient information that is beneficial for epilepsy
prediction. In addition, preserving the position of EEG
electrodes during feature extraction can also provide
gain information for epilepsy prediction. However, the
existing feature extraction methods focus on extracting
discriminative features within the EEG channel,
without considering the interaction and correlation
among channels and the spatial domain information of
electrode Secondly,

multi-channel positions.

traditional machine learning models, such as CNN and
deep belief networks ( DBN ), cannot handle the
correlation features among EEG channels in different
brain regions and spatial information features of
electrode channel position. Especially, these models
only focus on shallow static EEG construction, without
considering the introduction of channel spatial position
information to guide the dynamic adjustment of
connectivity between channels.

To address the above issues, TDCBAM-SENet for
epilepsy seizure prediction was proposed in this
paper. Firstly, the EEG signal is preprocessed by
( STFT ), which

decomposes the time domain signal into different

short-time  Fourier transform
frequency and time spectrum components. Secondly,
a 3D TF feature matrix is constructed based on the
arrangement of electrodes in the brain. The 3D feature
matrix contains information related to seizure status
within the channel as well as spatial position

channel. This

representation is closer to the actual brain response

information of the electrode
and can help reduce information redundancy. Finally,
an improved CNN model based on the TDCBAM-
SENet model was designed, aiming to represent the
EEG features of epileptic activity through a channel-
TDCBAM-
SENet not only makes full use of the significant

space weighted attention mechanism.
information in the TF domain, and the spatial location
information of electrode channels contained in the 3D
feature matrix, but also dynamically adjusts the
weights of channels based on the spatial location

information of channels, which helps to enhance the

network’s modeling ability for long-term dependence

on time series data.
2 Methodology
2.1 3D TF feature matrix

The changes in EEG signals in different brain
regions are not consistent during the process of
epileptic seizure signal conversion. Some studies find
of EEG
electrodes can provide favorable information for seizure
124-26] " Therefore, the 3D TF feature matrix

that retaining the position information
prediction
can effectively capture this useful information.

Firstly, time-domain and frequency-domain features
are extracted from EEG. The specific features include
mean, peak, standard deviation, skewness,
approximate entropy, and PSD. Among them, EEG
signals are segmented through a 4 s nonoverlapping
Hamming window, and each segmented signal forms a
3D feature matrix to obtain frequency-domain features.

Multiple patients use different electrodes when
recording data, which increases the bias in data
Therefore ,
extracted from the 20 channels commonly used by the
patients, FP1-F7, ¥7-T7, T7-P7, P7-O1, FP1-F3,
F3-C3, C3-P3, P3-01, FP2-F4, F4-C4, C4-P4, P4-
02, FP2-F8, F8-T8, T8-P8-0, P8-02, FZ-CZ, CZ-
PZ, P7-T7, and T7-F19, the number of features per
sample is 120.

The EEG wires in the CHB-MIT'" dataset use

bipolar leads and record the electrode difference
[27-29]

analysis. six TF domain features are

between the two electrodes so the channel
position is set to be between the two electrodes. Fig. 1
shows the International 10/20 system and its mapping
matrix. The upper part shows the distribution of
cortical electrodes, with the pink ones indicating the
electrodes used for EEG data in this paper. Among
them, NASION represents the nasal root and INION
represents the posterior occipital protrusion. In Fig. 1,
Z represents the position of the electrode at the mid-
line of the brain. The lower part is the mapping
matrix, which has a size of 9 x 9 and uses only 18

channels. The pink positions in the matrix are filled
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with the feature values between the corresponding two
electrodes. Arrange each feature of all channels
according to the mapping rules in Fig. 1, and
construct a 3D feature matrix of 9 x 9 x 1. It can
characterize the spatial information of the brain and the

synchronous changes between brain regions.

INION
Mapping

Fig.1 International 10/20 system and 9 x9 x 1 feature matrix

For each sample, a 9 x9 x 1 3D feature matrix is

constructed according to the mapping rules based on

the six extracted TF domain features, as shown in
Fig. 2. The 2D matrix mapped by the six TF domain
features is merged into a 9 x9 x6 3D feature matrix in
the third dimension.

In addition to the salient information related to
epilepsy status within each channel, the constructed
3D matrix also contains the correlation information

among EEG

information of the electrode channels.

channels and the spatial domain

Mean value
Approximate entropy
Peak value
Standard deviation
Skewness

PSD

Fig.2 3D TF feature matrix

2.2 TDCBAM-SENet model framework

The structure of the TDCBAM-SENet framework
CBAMs,

The convolutional

consists of convolutional modules, and a
multilayer perceptron ( MLP ).
module contains four convolutional layers, each of
( RelU )
and SE

In the framework, the

which contains a rectified linear unit
activation function, two dropout layers,
blocks, as shown in Fig. 3.

input is the 3D feature matrix.

Il’lpllt Feature extraction

———

! Time- [[Frequency-
<—: domain || domain
|
|

analysis || analysis

EEG signal 3D feature matrix

SE block

CBAM block Output

: Preictal {

|

Refined
feature

Fig.3 Framework of the TDCBAM-SENet for seizure prediction
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The SE block is in the convolution layer, assigning
weights to each feature. The size of the receiving field
depends on the size of the 3D feature matrix.
Convolution is performed with different acceptance
fields, which have an output dimension of 128.
Epileptic states are classified by extracting epileptic
features from the 3D matrix, performing SE operations
in the 1 x 1 convolutional layer, and the mairix is
input into the residual network block composed of
Conv 1, Conv 2, Conv 3, and Conv 4, as shown in
Fig. 3. It is combined with CBAM to weight features
in the channel and spatial dimensions. The convolution
operation of the model uses the ReLU activation
function, and finally, the high-level abstract features
network  block for

extracted by the residual

classification. Two dropout layers and a softmax
function are employed to output the seizure state,
thereby preventing overfitting.

1) SE module

The SE module focuses on channel reationships.
Considering that CBAM is not good at handling long-
distance dependencies of features, an SE module is
introduced. The SE module utilizes spatial position
information in channels to dynamically adjust the
weights of channels, which helps to enhance the
network’s modeling ability for long-range
dependencies. The structure of the SE module is shown
in Fig. 3.

The squeezing operation is performed first. The
convolution operation is canceled, so U=[u,, u,, ...,

u.], C =6 denotes the number of channels, U e

9
R**°*°. Among them, u,, u,, u,, u,, us, and u,

represent 2D feature matrices composed of mean,
skewness,

peak, standard deviation,

entropy, and PSD. Then,

approximate
the squeezing module
incorporates the global information of the input data
into the channel descriptor. This is achieved by global
average pooling. The channel dependency description
Z. e R°, which is represented by U in 9 x 9 global
average pooling generation on 9  dimensions.
Therefore, the calculation of the Z. is as follows.

Among them, F_( +) is the input square feature map

sq

with the shape of C x H x W, where H denotes the

height, W denotes the width.
I w5
ZC _qu(u(]) _H+W; j; uz:(l’.]); 0_1’29"'56

(1)

The excitation operation utilizes the information

obtained from the squeeze operation to obtain complete
dependence between EEG channels, which is achieved
through two fully connected layers and two activation
learning of nonlinear

functions.  This enables

interactions between different features. Secondly, it
focuses on all features rather than enforcing a single
thermal activation. The excitation operation can be
represented by
S=F (Z;,W)=0(8(Z.;,W)) =a(W,(6(W,Z,)))
(2)
where o ( +) is the sigmoid activation function and
6(+) refers to the ReLU activation function. Among
them, F_ (- ) accepts the input Z, and W, and
outputs S. g ( +) represents an intermediate function
that accepts the input Z; and W. W, and W, represent
the weight matrices of the two linear transformations,
respectively.

The operation of weight assignment is completed by
the operation of colorization and excitation. In back
propagation, the ReLU and sigmoid activation functions
are used to update the weight parameters, strengthen
the features that play a larger role in classification, and
weaken the features that play a smaller role, the
squeeze operation places the global information of the
input feature matrix into the channel descriptor Z. €
R. Therefore, the squeeze operation combines the
contextual information of different convolution kernels
in F (+). The convolutional network avoids focusing
only on information in the receptive field of convolution
kernels.

2) TDCBAM module

The TDCBAM module has two
independent sub-modules, the CAM and the SAM,
which

information by weighting and reorganizing the feature

consecutive

strengthens  important ~ channel  position

matrix of electrode channel positions. The feature
matrix is refined adaptively through CBAM in each

convolutional block of the deep network. By utilizing



Issue 2

Chao Hao, et al. / Epileptic seizure prediction based on three-dimensional feature matrix and TDCBAM-SENet 61

the SE block of channel attention, which focuses on
the relationship between channels, these two methods
can be combined to extract high-level abstract features
in 2D CNN. This not only saves parameters and
computational power, but also ensures that it can be
integrated into existing network architectures as a plug-
and-play module.

The structure of the CAM is shown in Fig. 4.
Average pooling ( AvgPool ), A (), and maximum
pooling (MaxPool) , M( +), operations are performed
to aggregate spatial information in the 3D feature

matrix, two different spatial context descriptors are

C
max

generated ; F i\n and F which represent the AvgPool
feature and the MaxPool feature of the channel,
obtaining a vector of the channel dimension, C x1 x 1.
Both of these descriptors are fed back to the shared
network to generate the channel attention matrix
M.(-) e R
MLP with one hidden layer.

overhead, the hidden activation size is set to (C/r) X

The shared network consists of a

To reduce parameter

1 x1, where r is the reduction ratio. After applying the
shared network to each descriptor, the output feature
vectors are combined using element wise summation.
In short, the channel attention calculation is
M (F) =0(M, (ACF)) +M, (M(F))) =

(W, (Wo(FS)) + W, (Wy(FS.))) (3)
where o ( - ) represents the sigmoid function, W, e
RYC*O | W, e RO,
M, () weights W, and W, , and the ReLU activation
function is followed by W,.

The two inputs share the

MaxPool

oS )

Channel attention

AvgPool
Shared MLP

Input feature F

Fig.4 Structure of CAM

In addition, spatial attention matrices are generated
by utilizing the relationship between the positions of
EEG channels. The structure of the SAM is shown in
Fig. 5. To calculate SAM, AvgPool and MaxPool
operations are applied along the channel axis, which
are concatenated to generate valid feature descriptors

Fjvg and F°

max *

By using these two pooling operations to

aggregate the channel information of the features, it
can effectively highlight the information. The spatial
attention calculation process is
M (F) =a(f°(A(F)®M(F))) =

(7 (F,®F,.)) (4)
where @ denotes the feature fusion operation. o
represents the sigmoid function and f°*°(+) represents
the convolution operation with a filter size of 9 x 9.
A(F) is the spatial attention map and M (F) is the
channel attention map.

“onvelutio
layer ,

Channel refined Spatial attention

feature F

Fig.5 Structure of SAM

Six given TF domain features form a 3D feature
matrix, which are input into two attention modules to
calculate complementary attention of channel features
and spatial position features.

CBAM mainly focuses on the channels of features to
improve the model’s attention to different channels in
features. The SE module re-calibrates the channel
weights of the input feature matrix through global
information, so that important channels are enhanced.
Therefore, they can jointly optimize the representation
of features at the channel level and global level, which
makes the model more effective in learning the
characteristics of the data. This combination can help
the model better capture the correlations between data
features, which improves the performance of the
network, and can be widely applied to improve the

representation ability of convolution.

3 Experiment and result analysis

3.1 Dataset and preprocessing

1) CHB-MIT dataset

In this paper, the public CHB-MIT dataset is
utilized to evaluate the TDCBAM-SENet. The dataset
consists of scalp EEG recordings from children with

refractory epilepsy. It contains 23 recordings from 22
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subjects, all of them are collected using the 10 — 20 direct current ( DC ) component. The spectrum
international standard electrode placement. The EEG obtained from the EEG signal after the above

recordings are recorded using 18/23 leads, using a
bipolar lead method. The start and end time of each
epileptic seizure is marked in detail in this dataset.
The sampling frequency and resolution are 256 Hz and
16 bit, respectively. The dataset includes a continuous
scalp EEG recording of up to 967. 85 h, including 178
seizures. Due to the requirements of model training and
testing, and considering that the number of interictal
data samples is much larger than that of preictal data
samples, the resampling methods is adopted to generate
more training datasets to deal with the imbalance
problem of data. In this experiment, 11 patients with
epilepsy are selected, the number of epileptic seizures
cannot be less than 3 times and cannot exceed 10 times.

2) Preprocessing

According to the seizure characteristics and duration
in the EEG data of patients, the seizure period is
divided into three parts, interictal, preictal, and
postictal periods, that is three categories. Each part is
segmented by time, and each segmented EEG is a
sample, which inherits the category label of its part.
The duration of the time window is 4 s, and no
adjacent windows overlap. Specifically, 450 samples
are selected from the samples contained in the preictal
period and retained, 300 samples are selected from the
samples contained in the interictal period to be
retained. The TDCBAM-SENet is used to extract
features from the dataset.

When collecting EEG signals, it is easy to be
disturbed by other artificial noises, such as
electromyogram ( EMG )  artifacts and EMG
interference. Collecting raw EEG signals on the
cerebral cortex can introduce noise interference in the
human body, such as electrooculogram ( EOG )
artifacts and EOG interference. Therefore, in order to
better extract EEG features, it is necessary to conduct
noise reduction processing. The Fourier transform is
employed to convert EEG signals into spectrograms.
The band-stop filters and the high-pass filters are
adopted to eliminate the 57 —63 Hz and 117 — 123 Hz

frequency components, while also removing the 0

processing is shown in Figs. 6 and 7.
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Fig.7 Spectrum during the preictal period of seizures

3.2 Experimental setup

1) 55 seizure records from 11 patients are selected
from the CHB-MIT dataset, as shown in Table 1.

Table 1 Epileptic seizure records in 11 patients on
CHB-MIT dataset

No. patient Sex Age Number Time/h
ChbO1 Female 11.0 7 45.0
Chb02 Male 11.0 3 39.6
Chb03 Female 14.0 7 57.9
Chh04 Male 22.0 4 154. 4
Chb05 Female 7.0 5 38.1
Chb07 Female 14.5 3 67.2
Chh08 Male 3.5 5 26.4
Chb10 Male 3.0 7 72.5
Chb11 Female 12.0 3 73.3
Chb21 Female 13.0 4 55.7
Chb23 Female 6.0 7 70.9

The EEG signals of epileptic patients are divided



Issue 2

Chao Hao, et al. / Epileptic seizure prediction based on three-dimensional feature matrix and TDCBAM-SENet 63

into three periods, as shown in Fig. 8. Fig. 8 depicts
epileptic signals from 20 electrod channels shared
among 11 patients. Channels T7-P7 and T7-FT9 are
omitted due to consistency across. The continuous EEG
signals from 5 min to 30 min before the ictal of seizures
are used as the preictal signals. The period of an
epileptic seizure is regarded as the seizure ictal period.
The period between the end of seizures and the
beginning of the next seizure is defined as the interictal

period.

Preictal Ietal Interictal

FP1-F7 p=
F7-F7
T7-P7
P7-01
FP1-F3 st
F3-C3
C3-P3
P3-01

FP2-F4 )
F4-C4 e
e

C4-P4
P4-02
FP2-F8 pese
F8-T8
T8-P8-0
P8-02
FZ-CZ -
CZ-PZ
pP7-T7
T7-FI9I T T i T T T = 1
2800 2900 3000 3100 3200 3300 3400 3500 3600
Time/s

Fig.8 Seizure state of EEG in epilepsy patients

Extract EEG features from the CHB-MIT dataset,
the preictal period of each seizure record is defined as
1 800 s, and the interictal period is defined as 1200 s.
Setting every 4 s as a sample, so that 450 and 300
samples can be obtained for the preictal and interictal
periods in each seizure record, respectively. The TF
domain features of 18 channel EEG signals are
extracted from each sample.

2) The BONN"' dataset consists of 5 data subsets,
namely F, S, N, Z, and O. Each of these sub-
datasets contains 100 data fragments, each with a
duration of 23. 6 s. As can be seen from Table 2, the
datasets Z and O are scalp EEG information of 5
healthy people, which constituted the comparison
group. The fragment in Z dataset is EEG when the
subject’s eyes are open, and the fragment in O dataset
is EEG when the subject’s eyes are closed. The dataets
N, F, and S are intracranial EEG collected from 5
patients with epilepsy, N and F are collected during
the interictal period, and S is collected during the

seizure period.

Table 2 BONN dataset

Subset Status Evaluate state Record resource
Z Normal Eye open Surface electrode
0] Normal Eye closed Surface electrode
N Patient Interictal Inner electrode
F Patient Interictal Inner electrode
S Patient Seizure Inner electrode

Each BONN dataset contains 500 single channel i-
EEG records, for 500 records. The time length of each
data fragment in the database is 23.6 s, and the
sampling frequency is 173.61 Hz. A total of 4 097
samples are recorded in each subset. In this paper, the
BONN dataset is divided into 5 groups, namely A_N,
A_F, A_S, B_7Z, and B_O. Among them, subset A is
derived from the data of healthy people, subset B is
derived from the data of epilepsy patients.

Handling more dimensions and features increases the
risk of overfitting, introduces noise and redundant
information, and makes it harder for a model to learn
and generalize accurately. To avoid this problem,
feature selection methods are used to select the features
that are most relevant to the seizure prediction task.
Such as mean, standard deviation, peak value,
approximate entropy, skewness, and PSD.

To evaluate the performance of the TDCBAM-SENet
and avoid overfitting, the 5-fold cross validation
technique and four indicators including accuracy
(ACC), sensitivity (SEN), specificity (SPE), and
false positive rate ( FPR) are adopted. An Adam
optimizer with a learning rate of 0.000 1 is used to

minimize the loss function.
3.3  Analysis of experimental results

1) Performance analysis of TDCBAM-SENet and 2D
CNN

Table 3 shows the ACC, SEN, SPE and FPR of
TDCBAM-SENet are 98.33% , 98.88% , 98.45% ,
and 0. 015 h~". This work is supported by the graphics
processing unit ( GPU) , with memory consumption of
about 3 GB. The average test time for each sample is
about 3 h. However, the 2D CNN model achieves only
ACC of 92.96% , SEN of 97.26% , SPE of 95.31% ,
and FPR of 0.069 h~'. Therefore, TDCBAM-SENet
has better results than the 2D CNN in 11 patients.
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Chh01, Chb05, and Chbl0
achieve very good results with ACC and SPE of over
99% , SEN of 100% and FPR of 0. The results of
Chb04 are poor, with ACC of 93.35% , SEN of

Among all patients,

96.73% , SPE of 97.04% , and FPR of 0. 1. Table 4
shows the ACC, SPE and SEN of the method on the
BONN dataset. The TDCBAM-SENet reaches good
results with a learning rate of 0. 000 1.

Table 3 Comparison of the prediction results of 2D CNN and TDCBAM-SENet on CHB-MIT dataset

SPE/% FPR/h ™!

2D CNN TDCBAM-SENet 2D CNN TDCBAM-SENet

ACC/ % SEN/ %
No. patient
2D CNN TDCBAM-SENet 2D CNN TDCBAM-SENet
ChbO1 98. 54 100. 00 89. 82 100.
Chb02 88.56 97.53 98.19 97.
Chb03 96. 12 97.74 97.72 96.
Chh04 93.35 96.73 93.33 97.
Chb05 89.53 100. 00 98. 32 100.
Chb07 97.12 98.34 99.21 100.
Chb08 98.72 98.59 99. 11 99.
Chb10 91.21 100. 00 100. 00 100.
Chb11 95.32 97. 65 96. 43 98.
Chh21 89. 89 98.32 99.23 98.
Chh23 89.23 96.76 98. 45 99.

00
71
53
04
00
00
63
00
77
56
53

90. 21 99. 64 0.15 0. 00
97.45 97.39 0.17 0.02
98.71 98.92 0.03 0.02
92.33 99. 00 0.10 0. 06
97. 44 100. 00 0.23 0

99. 34 97.32 0.01 0

90. 01 98.52 0.01 0.01
98. 67 99. 87 0.00 0

94.31 97.24 0.02 0.02
98. 27 96. 31 0 0.01
91. 69 98.71 0. 04 0.03

Table 4 TDCBAM-SENet results on the BONN dataset

ACC/% SEN/% SPE/%
Group TDCBAM- TDCBAM- TDCBAM-
SENet 2D CAN SENet CAN SENet 2D CAN

A_N 100.0 98.8 100.0 99.8 99.8 98.3
A_F 100.0 98.9 100.0 100.0  100.0 99.2
A_S 100.0 98.2 99.9 99.7 99. 6 98.9
B_Z 100.0 9.1 100.0 98.5 100.0 99.2
B_O 100.0 99.4 100.0 100.0  100.0 99.5

To analyze the performance of TDCBAM-SENet,
inspired by the inception network structure, three sets

of network models, G1, G2, G3 are set up, as shown

in Table 5. Each group of networks consists of a 2D
CNN and a TDCBAM-SENet, and is divided into groups
1 (Gl),2(G2), and 3 (G3), the convolution kernel
sizes of G1, G2, and G3 are set to 3 x3, 5 x5, and
Cl, C2, and C3 represent the

parameters of the 3-layer convolution of the network

7 x7 respectively.

structure in G1, G2, and G3, respectively. Compared
with 2D CNN, the same group of TDCBAM-SENet has
CBAM and SE (CBAM-SE) blocks, namely CBAM-
SE 1, CBAM-SE 2, and CBAM-SE 3. These six models

perform the same seizure prediction task.

Table 5 Convolution kernel size of TDCBAM-SENet and 2D CNN in G1, G2, and G3

Gl G2 G3
Structure
2D CNN 1 TDCBAM-SENet 1 2D CNN2  TDCBAM-SENet2 2D CNN3  TDCBAM-SENet 3
CBAM-SE 1 - CBAM-SE - CBAM-SE - CBAM-SE
Cl 3x332 3 x332 5x532 5x532 7x732 7x732
C2 3 x3 128 3 x3 128 5x5128 5 x5 128 7x7 128 7 x7 128
Cc3 3 x3128 3 x3 128 5x5128 5 x5 128 7 %7128 7 x7 128
CBAM-SE 2 - CBAM-SE - CBAM-SE - CBAM-SE
Cl 3x396 3 x3 96 5%x596 5x596 7 x7 96 7 %796
C2 3 x396 3 x3 96 5x596 5x596 7 %796 7 %796
Cc3 3 x396 3 x396 5x596 5x596 7 x7 96 7 %796
CBAM-SE 3 - CBAM-SE - CBAM-SE - CBAM-SE
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Due to the TDCBAM-SENet taking a long time to
train on this dataset of 11 epilepsy patients. The
patient Chb04 with the worst prediction results and
ChbO5 with the best prediction results are used to
further train two types of models, the prediction results

are shown in Tables 6 and 7.

Table 6 Prediction results of patient Chb04 in G1,G2, and G3

Model ACC/% SEN/% SPE/% FPR/h~!
2D CNN 1 94. 54 97.25 95.21 0.03
TDCBAM-SENet 1 97.67 98.78 98.22 0.02
2D CNN 2 92. 14 94. 47 89.11 0.02

TDCBAM-SENet 2 95.85 96. 52 94.33 0.01
2D CNN 3 89.89 97.12 91.76 0

TDCBAM-SENet 3 93.11 99. 87 97. 65 0

Table 7 Prediction results of patient Chh05 in G1,G2, and G3

Model ACC/% SEN/% SPE/% FPR/h~!

2D CNN 1 99. 04 98. 82 97.31 0.01
TDCBAM-SENet 1 99.80  100.00 98. 63 0

2D CNN 2 97.67 97. 86 95.91 0.01
TDCBAM-SENet 2 99.12  100.00 99. 01 0
2D CNN 3 96. 32 98.76 91.51 0.02

TDCBAM-SENet 3 98. 67 99. 45 97.57 0.01

Compared with 2D CNN 1, 2D CNN 2 and 2D CNN 3,
the TDCBAM-SENet improves the ACC of 3.31%,
4.10% , 3.59% respectively on Chb04, and the the
ACC of 0.76% , 1.48% , 2.43% respectively on
Chb05. The SEN on Chb04 is increased by 1.57% ,
2.17% , and 2.83% , and the SEN on Chb05 is
1.19%, 2.19% and 0.70% ,
respectively. The TDCBAM-SENet improves the SPE
of 3.16% , 5.86% , 6.42% respectively on Chb04 ,
and the SPE of 1.36% , 3.23% , 6. 62% respectively
on Chb05. In addition, the FPR of the TDCBAM-
SENet model for Chb04 and Chb05 are better than
those of 2D CNN.

It can be seen that different hyperparameters have

increased by

different effects on the learning effect of the model.
TDCBAM-SENet 3

performance is relatively outstanding, especially, in

Specifically,  the model’s

terms of SEN, which can effectively capture and learn

useful information. This shows that the TDCBAM-
SENet 3 model has a superior ability to handle relevant
tasks and make full use of key features in the data to
improve overall performance. In the TDCBAM-SENet,
by comparing and analyzing the performance of
different network parameters, those parameter settings
that could achieve relatively good results are chosen.
Both 2D CNN and the TDCBAM-SENet use a 3D
matrix as input. The experimental results show that,
compared with 2D CNN, the CBAM module in the
TDCBAM-SENet can fully extract the correlation
information between channels contained in the 3D
matrix and the spatial position information of electrode
channels. Based on this information, the SE module
can dynamically adjust the channel weight and optimize
the performance of the model. This experiment
evaluates the performance of different modules through
validation sets to select the best model’s
hyperparameter settings.

2) Influence of training parameter

The hyperparameter settings of G1, G2 and G3 are a
good way to show the differences between TDCBAM-
SENet and 2D CNN. In the experiment, 80% of the
dataset is set as training set and 20% as testing set.
The prediction results of the TDCBAM-SENet and 2D
CNN are shown in Fig. 9 and 10. Whether using
Chb04 or Chh05 to train the model, the prediction
accuracy of CBAM-SE 1, CBAM-SE 2, and CBAM-
SE 3 keeps increasing when the training cycles are less
than 100 times. When the training cycles are greater
than 100 times, the accuracy no longer increases.

However, the 2D CNN model has a slower convergence

speed and larger fluctuation during training.
Therefore, the TDCBAM-SENet model can effectively
integrate  channel attention and spatial domain

information, and recalibrate the weights of different
channels to improve the network’s representation
ability, thereby obtaining stronger learning ability
compared to 2D CNN. In addition, the area under the
curve ( AUC )
conducted, as shown in Fig. 11. The performance of

the TDCBAM-SENet is better than the 2D CNN.

comparison experiments are also
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(a) CBAM-SE 3) Advantage of 3D TF feature matrices
1.00 r‘ ‘l i/ ' T To demonstrate the advantage of the 3D TF feature
0.99 matrix, the TDCBAM-SENet is also employed to deal
0.98 with the time-domain features without permutation. The
g ooa7f time-domain features also include mean, peak, standard
§ 0.96 - deviation, skewness, approximate entropy, and PSD,
0951 which form a 2D feature matrix by 18 channels. Thus,
—2DCNN 1
0941 —2D CNN 2 the 2D feature matrix is 18 x6 2D matrix.
: —2DCNN3 ) ]
0.93 o The comparison results are shown in Table 8.
70 25 50 75 100 125 150 175 200 .
Training cycle Compared with the feature array, the 3D TF feature
(b) 2DCNN matrix has an ACC increase of 1. 14% , SEN increase
Fig.9 Accuracy of differents models on the patient Chb04 of 2.62% , and SPE increase of 1.91% in the time-
domain, an ACC increase of 1. 64% , SEN increase of
Lor 2.07% , and SPE decrease of 2.14% in the
frequency-domain, and an ACC increase of 2.5% ,
0.9~ . . .
SEN increase of 2. 8% , and SPE increase of 2. 82% in
z . . .
£ s the TF domain. It has also achieved good results in
= Re
g other performance indicators. The results show that the
07k CEAMLSE | performance of the 3D feature matrix is almost always
—(ZBAM-ZEZ better than that of the 2D feature matrix, regardless of
—CBAM-SE 3
0.6 ey which type of feature is used. The reason is that the 3D
0 25 50 75 100 125 150 175 200
Training cycle TF feature matrix contains spatial domain features and
CBAM-SE . . . .
() channel-related information. The spatial domain
1.0 . . . . .
features obtained by analyzing the difference in signal
0.9 characteristics of electrodes in different regions, can
08 reflect the spatial relationships between different brain
& regions, thereby capturing the local features of brain
Z07f . .. . -
8 electrical activity. By analyzing channel timing
0.6 information, the dynamic changes between channels
—2DCNN 1 can be captured. These reveal the local characteristics
05 —2D CNN 2 ) . . . )
—2D CNN 3 of brain electrical activity and the interaction between
L I I I I 1 I 1 . . . . . .
04025 50 75 100 125 150 175 20 different brain regions. By integrating these two pieces

Training cycle

(b) 2D CNN

Fig.10 Accuracy of different models on the patient Chb05

of information, a representation that is closer to the
real cortical response can be obtained, thereby

improving the performance of epilepsy prediction.
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Table 8 Comparison results using time-domain, frequency-domain, and TF domain features for the 3D and 2D feature matrices
ACC/ % SEN/% SPE/%
No. patient M Frequeney= o omain Time- Frequeney e omain Time- Frequency= e fomain
domain domain domain domain domain domain
3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D
ChbO01 99.4 99.1 98.2 90.2 100.0 99.2 100.0 100.0 98.4 93.3 100.0 100.0 99.5 98.6 90.3 92.1 99.6 99.2
Chb02 97.8 96.4 89.2 88.8 97.5 96.4 96.2 92.3 90.1 89.9 97.7 92.7 96.0 89.2 88.8 88.7 97.4 92.4
Chb03 96.4 93.2 89.4 88.5 97.7 92.3 97.3 96.3 92.1 88.8 96.5 90.3 98.3 96.7 90.1 92.1 98.9 92.1
Chb04 93.2 93.1 90.1 88.8 96.7 93.7 93.5 91.2 838.4 90.1 97.0 92.6 92.5 90.0 89.9 90.0 99.0 93.3
Chb05 96.0 97.2 95.4 98.2 100.0 97.6 97.2 93.3 92.4 97.7 100.0 99.7 95.1 90.1 90.1 89.7 100.0 98.5
Chb07 98.7 97.7 94.5 90.6 98.3 94.6 98.8 97.7 95.6 90.0 100.0 97.1 99.4 97.6 92.8 88.8 97.3 96.5
Chb08 99.0 95.4 93.0 91.2 98.6 98.0 98.4 91.1 94.4 90.2 99.6 99.1 91.4 91.4 O91.7 93.4 98.5 98.4
Chb10 98.2 97.2 98.2 97.5 100.0 97.3 100.0 99.1 98.4 97.6 100.0 100.0 97.4 94.8 90.3 94.4 99.9 98.1
Chbl11 96.5 97.1 89.9 89.9 97.7 97.6 98.3 95.6 92.4 89.9 98.8 97.5 93.4 97.6 O91.1 87.7 97.2 97.7
Chb21 98.2 95.4 88.3 90.0 98.3 96.8 97.4 95.4 93.1 91.1 98.6 95.6 94.6 94.3 92.3 88.1 96.3 94.4
Chb23 94.4 93.3 95.2 91.9 96.8 92.1 99.4 97.6 94.5 90.3 99.5 93.8 97.8 94.4 89.9 92.3 98.7 92.2
4 ) Comparative analysis of TDCBAM-SENet the channel correlation information and channel spatial
components domain information. In addition, the performance of

Table 9 shows a comparison of the combined
performance of patients selected from the CHB-MIT
dataset on the TDCBAM-SENet model and model
components. Among them, 2D CNN, 2D CNN with SE
(2DCNN-SE ) and 2D CNN with CBAM (2DCNN-
CBAM) model components are selected according to

Refs. [21, 30 -31].

Table 9 Prediction results of TDCBAM-SENet component

Component ACC/% SEN/% SPE/% FPR/h~!
2DCNN-Sg?!) 93.94 95.56 96.75 0.073
2DCNN-CBAM!?] 96. 95 98. 40 98.13 0.017
2D CNNE3H 92.96 97.26 95.31 0. 069
TDCBAM-SENet 98.33 98. 88 98. 45 0.015

Compared with 2D CNN, the performance of the
2DCNN-CBAM model shows significant improvement
This
effectively

across all four indicators. indicates that the

CBAM module

correlation information and channel spatial domain

can extract channel

information from the 3D TF feature matrix. Compared
with the 2DCNN-CBAM model, the performance of the
TDCBAM-SENet shows further enhancement across all
four indicators. This indicates that the SE module can

dynamically optimize the weight of channels based on

the TDCBAM-SENet is also superior to the 2DCNN-
SE. The reason may be that 2D CNN cannnot extract
channel correlation information and channel spatial
domain information from the 3D TF feature matrix.
This restricts the role of the SE module in dynamically
optimizing channel weights.

5) Comparative analysis of TDCBAM-SENet and
existing network models

The performance of TDCBAM-SENet is compared
with some existing researches. For all the compared
studies, the CHB-MIT dataset, the BONN dataset,
and the epilepsy state labeling prediction scheme are
Tables 10 and 11 list the features and

classifiers used in the comparative study.

consistent.
Among
them, FLOP refers to the number of floating-point
operations per second, which represents the time
computational complexity of a model during the training
process. The training time is the average of the training
time recorded for 5 runs. For the CHB-MIT dataset,
according to Refs. [ 4 — 6], traditional machine
learning algorithms are used and good performance is
achieved. However, the method combining STFT and
deep models used in Refs. [ 30 — 33 ] is relatively
For the BONN dataset, Refs.[34 - 35 ]

poor.
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conducted wavelet transform and on the signals, Refs.
[36 —37] used machine learning algorithms for signal
processing. It can be seen that the TDCBAM-SENet is
significantly superior to other methods in ACC, SEN,

Table 10 Results of TDCBAM-SENet compared with other methods on CHB-MIT dataset

and SPE. This indicates that the 3D TF feature matrix
and TDCBAM-SENet perform well in the epilepsy

prediction task based on multi-channel EEG signals.

Method ACC/%  SEN/%  SPE/%  FPR/h~' FLOP/G  Training time/s  Testing time/s
Convolutional autoencoder*! - 95. 60 97.10 - 2.8 10.9 5.4
Bi-LSTM ! 94. 83 94. 84 94. 84 - 1.6 6.5 4,7
symte! 95.93 - 94.97 0.04 0.6 14 6.3
CBAMP! 97.95 98. 40 - 0.02 21.2 4.6 3.2
Time-space domain") - 92.94 - 0.07 1.6 4.6 2.1
STFT!32] - 92.70 90. 80 - 8.8 13.8 7.1
Redundancy analysis ! 92.07 - 92. 67 - 1.7 5.7 3.7
TDCBAM-SENet 98.27 98. 81 98. 32 0.01 0.3 3.8 1.8

Table 11 Results of TDCBAM-SENet compared with other methods on the BONN dataset

Method ACC/%  SEN/%  SPE/%  FPR/h~' FLOP/G  Training time/s  Testing time/s
Continuous wavelet transform 3] 98. 50 98. 00 98.98 - 0.5 3.1 1.4
Random forest classifier'**] 99. 65 98. 06 100. 00 - 0.7 4.1 3.3
CNNE3! 97. 63 - - - 0.6 6.1 2.7
Wavelet transform?] 98. 44 97. 50 98. 38 - 0.3 4.3 2.3
TDCBAM-SENet 100.00  100.00  100.00 0. 00 0.2 2.8 0.9

4 Conclusions

In this seizure prediction method,
TDCBAM-SENet TDCBAM-SENet

designs a 3D TF feature matrix that contains channel

study, a
was  proposed.

correlation information and channel spatial domain
the CBAM module to

effectively capture the above information in the 3D

information, which uses

feature matrix, uses SE module to dynamically optimize
the
performance of epilepsy prediction. The experiment on
the datasets CHB-MIT and BONN shows that the
TDCBAM-SENet has relatively high accuracy and

sensitivity, which the error prediction rate is relatively

the weights of channels, thereby improving

low, and the overall performance is better than other
methods.

To improve the generality of EEG data in patients
with epilepsy, more subjects are needed in patients of
different clinical and disease

ages, conditions,

characteristics. At the same time, with the growth of

large-scale dataset and data sharing,

collaborative

researches across institutions and internationally will

help build more comprehensive seizure prediction

models, thereby improving the quality of life for people

with epilepsy.
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