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ABSTRACT The diagnosis and treatment of brain diseases represent the forefront of brain science
research, with EEG-related research occupying a uniquely significant position. In recent years, deep learning
technology has been widely applied to the study of EEG signals, yet the integration of information from
multiple EEG channels remains a challenging task. Based on the dynamic routing algorithm, this study
established a deep neural network. Subsequently, leveraging this network, an epileptic seizure recognition
method, VarChanNet, was proposed. Seizure recognition experiments were conducted using the Bonn and
CHB-MIT databases. The experimental results demonstrate that the proposed VarChanNet method maintains
high recognition accuracy even when the number of channels involved in the recognition process changes.
It reliably functions on both the Bonn and CHB-MIT databases, indicating its potential for generalization.
Furthermore, the method provides recommendations for channel selection during the recognition process.
For instance, in the case of CHB-MIT, Channel 21 can be selected for single-channel recognition, Channels
2 and 3 for dual-channel, and Channels 1, 2, and 3 for triple-channel epileptic seizure recognition. In a word,
the proposed VarChanNet method enables the fusion of information from different EEG channels, supporting
recognition tasks even when the number of channels varies. It offers a new perspective for EEG analysis and
holds the potential for generalization.

INDEX TERMS Electroencephalography, capsule neural network, dynamic routing algorithm, brain
connectivity, seizure detection.

I. INTRODUCTION
In order to accurately diagnose whether a patient is suffering

similar patterns. Essentially, epileptic EEG signal recognition
involves the detection of these ‘“abnormal waves” . Therefore,

from epilepsy, it is imperative to recognize epileptic seizures
through the meticulous analysis of EEG signals. The
objective of epileptic EEG signal recognition lies in precisely
identifying epileptic seizure states by thoroughly examining
these signals. Epileptic seizures are brain disorders that result
from excessive firing of brain neurons, and this aberrant
neuronal discharge is referred to as epileptic discharge.
This epileptic discharge manifests as ‘“abnormal waves”
within EEG signals, primarily encompassing spike waves,
sharp waves, spike-slow waves, sharp-slow waves, and other
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to accurately assess whether a patient has epilepsy, it is crucial
to observe their clinical manifestations and perform epileptic
seizure recognition [1] based on the analysis of EEG signals.

The primary techniques for extracting features from EEG
signals encompass time domain analysis [2], frequency
domain analysis [3], time-frequency domain analysis, and
nonlinear dynamics methods. These techniques involve
extracting features from the EEG signals in the time
domain [4], frequency domain, time-frequency domain [5],
or nonlinear dynamics [6]. Subsequently, classical classi-
fiers are employed to categorize these extracted features,
enabling recognition. The approach involves a combination
of “feature extraction” and “‘classical classifier”. Initially,
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features are extracted from EEG signals across various
domains, including time, frequency, time-frequency, and
nonlinear dynamics. These features are then characterized
and used as input data for classical classifiers to facilitate
recognition. Commonly used classical classifiers include
linear discriminant analysis [7], decision tree [8], support
vector machine [9], K-nearest neighbor [10], and Naive
Bayes [11], [12].

In recent years, deep neural networks [13] have yielded
promising results in the analysis of time series signals, such
as in signal detection tasks [14]. Consequently, some studies
have leveraged deep neural networks [15] to analyze EEG
signals and detect epileptic seizures. Raw data from EEG
segments or manually extracted features can serve as input
data for these deep neural networks. However, it’s worth
noting that the dimensionality of the input data impacts
the dimensionality of the convolutional units employed by
the deep neural network. Typically, since the input data
has a relatively low dimension, the convolutional units also
tend to have a lower dimension. Currently, when deep
neural networks are utilized to recognize epileptic EEG
signals, the convolutional units are often one-dimensional
(1D) [16], [17], two-dimensional (2D) [18], [19], or even
three-dimensional (3D).

Various deep neural networks, such as convolutional neural
networks (CNN) [20], recurrent neural networks (RNN) [21],
[22], autoencoders (AE), deep belief networks (DBN) [23],
and innovative hybrids jointly constructed by multiple neural
networks, have been extensively employed in the field of
seizure recognition research.

The number of EEG channels used in different studies
of seizure recognition varies. Some studies use only data
from a single channel, which requires less computation but
also obtains less effective information from EEG signals.
At the same time, there are also studies that use data from
all EEG channels, which requires more computation but also
obtains more information from EEG signals. In addition,
some studies select a subset of all EEG channels for
epilepsy seizure recognition, which requires selecting the
most appropriate channel subset. Currently, most studies use
fixed EEG channels, and information can only be extracted
from pre-selected channels and fused to achieve recognition.
In order to better find the appropriate channel combination,
when the number of involved channels needs to be changed,
most existing studies are unable to cope with it. Therefore,
in order to ensure that the EEG recognition method can still
operate effectively when the number of channels involved in
the recognition operation changes, it is crucial to solve the
problem of fusing variable-sized channel data.

In the context of epilepsy seizure detection based on
deep learning technology, it is important to effectively
cope with changes in the number of channels. This is the
motivation of this paper. In order to effectively extract
recognition information from the data of each channel when
the number of channels changes, this paper proposes a deep
neural network-based VarChanNet method. In addition, this
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study uses the Bonn database and CHB-MIT database for
experiments, and based on the experimental results, the
performance of VarChanNet method under different channel
numbers is analyzed. VarChanNet provides a new research
direction for epilepsy seizure detection in scenarios with
varying channel numbers.

Il. METHOD DESCRIPTION

In this paper, a thorough exposition is presented of
VarChanNet, a cutting-edge recognition method for seizures.
This comprehensive description encompasses the dynamic
routing algorithm, the intricate structure of the deep neural
network that relies on this algorithm, and the loss function.
Within the framework of VarChanNet, a method for seizure
recognition through EEG signals is established, grounded in
the innovative 1D-capsule approach that is built upon the
dynamic routing algorithm. The intricate network structure
is clearly depicted in Figure 1, revealing its sophisticated
composition of five layers.

The first layer is to extract the EEG channel data involved
in the recognition operation from the EEG segment named
Segment i (1 < i < n) as the input data of the 1D-
Capsule, where n is the total number of EEG segments.
In Figure 1, the 1D-capsule has three channels participating
in the recognition operation: Channel A (1 < A < m),
Channel B (1 < B < m) and Channel C (1 < C < m)
as the channels participating in the recognition operation,
where m is the total number of channels contained in the
EEG segment. The data of the three channels involved in the
recognition operation at the first layer were convolved and
ReLU was performed to obtain the characteristic matrix of
the second layer. Convolved the feature matrix of the second
layer again to obtain the feature matrix of the third layer,
that is, the feature matrix in the PrimaryCaps layer;. The
feature matrix in the PrimaryCaps layer is encapsulated into
capsules containing 16 values(16D), and the fourth layer is
obtained, that is, 1952 in the capsules layer x Three 16D
capsules, of which 1952 capsules are obtained from the input
data of each EEG channel after calculation; The fifth layer
is DigitCaps layer, capsules in Capsules layer are used as
the input of dynamic routing algorithm, and two capsules
are obtained after operation. The vector lengths of the two
capsules correspond to the prediction probability of Seizure
or Non-Seizure type of current EEG segment respectively.
The class with the highest probability is the recognition result
of the current EEG segment, and the operation process of each
layer in the 1D-Capsule is as follows:

(1) In the first layer, each EEG channel contains 256 values,
and the convolution operation for each channel is set as
kernelize =9,stride = 1,0utcpanneis = 64. ReLU operation is
performed after Convolution. Each channel can obtain data
of 64 x 248 dimensions in ReLU layer of Convolution.

(2) In the second layer, the corresponding data dimension
of each channel is 64 x 248 , and the convolution operation
is set as kernelsi;e = S, stride = 2, outcpannels = 256.
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FIGURE 1. The network structure of 1D-capsule.

After completing the convolution, each channel can obtain
256x 122 data in the PrimaryCaps layer.

(3) In the third layer, the data dimension corresponding
to each channel is 256 x 122 , which is first converted into
one-dimensional data with a dimension of 1 x 31232 , and
then again into data with a dimension of 1952 x 16, and a total
of 1,952 16-bit (16D) data are obtained, which is called 1,952
16D capsules. In Figure 1, as the data of three channels were
used as input of the 1D-capsule, a total of 1,952 x3 =5, 856
16D capsules were obtained.

(4) The fourth layer contains 5856 16D capsules, these
capsules can be obtained through the dynamic routing
algorithm, 2 16D capsules in DigitCaps layer, the specific
implementation details are as follows:

The capsules of DigitCaps layer in 1D-capsule are
obtained by the capsules in Capsules layer through dynamic
routing algorithm. Dynamic routing algorithm specific cal-
culation process such as Algorithm 1. As shown, each
capsule in the Capsules layer corresponds to a vector u;,
and the vector v; corresponding to each capsule in the
DigitCaps layer is obtained through the dynamic routing
algorithm.

The dynamic routing algorithm used to generate the
capsules in DigitCaps layer with capsules in Capsules layer
is described as follows:

Algorithm 1 describes how to generate high-level capsules
from low-level capsules. Firstly, u; i = 1, 2, ..., n) mul-
tiply by weight matrix Wj; ( j is the number of capsules in
DigitCaps layer), as shown in Formula 1:

i = Wi €]
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Among them, Wyis the transformation matrix between u;
and ﬁj| ; with a dimension of 16 x 16, which is used to describe
the relative spatial relationship between low-level features
and high-level features, which is maintained by 1D-Capsule
during training renew.

Then, line 7 to 10 is iterated T times to obtain v;. Which
ijj; sum after multiplied by their weights, the result is stored
in the s;. The calculation method is shown in Formula 2:

§j = Zcijﬁjﬁ (2)
i

where c¢;; is the coupling coefficient of u; and the jth (jth)
capsule in DigitCaps layer, and c;; satisfies the conditions
shown in Formula 3:
D=1 3)
i

The calculation method of ¢;; is shown in Formula 4:

_ e (by)
2 exp (bix)
Among them, the initial logit (initial logit) b;; is the log

prior probability (Log prior probability) of the combination

of u; and the jth capsule in DigitCaps layer.

In Algorithm 1, the nonlinear function named squash is
used to compress s; to ensure that the vector length of
vj corresponding to jth capsule is between O and 1. Its
calculation method is shown in Formula 5:

“

¢ij

v = ﬁ i 5)
1+ |]si]]” sl
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Algorithm 1 Dynamic Routing Algorithm

Algorithm 2 Pseudocode of VarChanNet

Require: The vector u; corresponding to the capsule in the
Capsules layer, the number of iterations is T
Ensure: Capsule v; in DigitCaps layer
1: forj=1;j<m;j++do

2: fori=1;i<n;i++ do

3: bjj = 0 //Initialize variables
4: flj|i = Wiju,-
5: end for

6: forr=1;r<T;r++do

7: cij = softmax(bj;)
8: §j = Zi Cljft(j|i)
9: vj = squash(s;)
10: b,‘j = bij + ftj|,' X Vj
11: end for

return v;
12: end for

The 1D-capsule automatically changes the network struc-
ture based on the number of channels involved in the
recognition operation. Although the change of the number of
channels would lead to the change of the number of capsules
in the Capsules layer, the dynamic routing algorithm could
still calculate the capsules in the DigitCaps layer.

The loss function designed in 1D-Capsule is shown in
Formula 6:

Loss =L; + Ly (6)

Loss is the total loss function, L; is the loss when the 1D-
Capsule predicts the EEG segment as a Seizure class, and Ly
is the loss when the 1D-Capsule predicts the EEG segment as
a Non-Seizure class. The calculation method of L; is shown
in Formula 7:

Ly = Tymax(0, 0.9 — [|vi|])>
+x(1 — Ty max O, [[vel] —0.1)2) )

where max is the largest set element, and its calculation
method is shown in formula 8.

®)

max(x,y) =x,x >y
max(x,y) =y,x <y

k in Formula 7 is the number of categories in the Digitcaps
layer. There are two values of K. when k = 1, L; represents
the loss when the EEG segment is predicted to be seizure
class. When k = 2, Ly represents the loss when the EEG
segment is predicted to be non seizure.
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Require: EEG data EEG 444, ““Sliding time window length”’
windowje,, number of channels involved in the recogni-
tion operation chan,ymper

Ensure: identification,,g,;s of all EEG fragments in the test
set

1: // Get all EEG segments

2: data = EEGpjit(EEGdata, Windowien)

3: // Split into training and test set

4: samplesqin, samplesos, = split(data)

5: // Building a deep neural network

6: network = net(chan,mper)

7: /' If using existing weights

8: if Trained weights is used then

9: // Load trained weights
10: load\yeighis(network, The trained weights)
11: end if
12: // Train the network
13: traifpenvork (network, samplesqin)
14: // Identify with the network
15: identification,esyirs = teStyerwork (network, sample;ogt)

return

When training 1D-Capsule with EEG segments, when the
category of EEG segment is accurately predicted to be i(i <
k): T; = 17, if the category of EEG segment is predicted to
be i and the prediction result is wrong: T; = 0.

A in Formula 7 represents the specific gravity of FP and
FN on L;. . = 0.5 is set, that is, FP increases the loss
function twice as fast as FN. ||v¢ || is a vector length, including
v is calculated by using dynamic routing algorithm, also
corresponds to the capsule of the first category k vector.

(5) The fifth layer consists of two 16D capsules. The
vector lengths of the two capsules correspond to the predicted
probability of Seizure or Non-Seizure of the current EEG
segment, and the category with the highest probability is the
result of the recognition of the current EEG segment.

When VarChanNet method is used for recognition of
epileptic seizures, the internal data stream is shown in
Figure 2, which needs to be processed by four modules,
which are acquisition of original EEG data, preprocessing,
segmentation, and recognition.

The process of VarChanNet method for recognition
is shown in Algorithm 2. Firstly, EEG segments were
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FIGURE 2. The data flow of EEG recognition using VarChanNet.

segmented from EEG data by sliding time window, and the
EEG segments were divided into training set and test set as the
input data of the 1D-Capsule. Secondly, the network structure
of the 1D-Capsule was determined according to the number
of channels participating in the recognition operation. Finally,
the network trained can be used to recognize seizures.

lll. EXPERIMENTAL SCHEME

This section introduces performance evaluation metrics,
describes the publicly available epileptic EEG database used
in the experiment, and clarifies the experimental design.

A. EXPERIMENTAL DATABASE AND PERFORMANCE
EVALUATION INDEX

1) DATABASE

In the experiment, the Bonn database and the CHB-MIT
database were employed, both of which are frequently
utilized public EEG databases in epileptic research. Notably,
the Bonn database comprises single-channel EEG recordings,
whereas the CHB-MIT database features multi-channel
EEG data. All EEG recordings in the CHB-MIT database
were gathered using the internationally standardized 10-20
electrode placement system, with lead information detailed
in Table 1.

It should be pointed out that FT9 and FT10 channels
do not belong to the 10-20 international system. In order
to explain the problem, we use the 10-10 system when
necessary. Besides, due to the naming modification of the
10-20 international standard system, the middle temporal
electrode markers changes from T3/T4 to T7/T8, T5/T6 to
P7/P8. Synthesizing information of CHB-MIT database, the
electrode positions of CHB-MIT database (Figure 3-a) and
Channel 23 (Figure 3-b) are obtained. The midpoint of each
channel is taken as the channel position marker, as shown
is Figure 3-c (According to the table, it can be seen that
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electrodes of Channel 3 and Channel 9 are the same but
directions are different, and electrodes of Channel 15 and
Channel 23 are the same but directions are different).

2) EVALUATION INDEX
In order to evaluate VarChanNet, Accuracy is taken as the
evaluation index. The calculation method is as follows:

(TP +1TN)
Accuracy = )
(TP+FP+1TN + FN)

TP: The prediction of a certain EEG segment belonging to
the status of epileptic seizure and the prediction is correct;
FP: The prediction of a certain EEG segment belonging to
the status of epileptic seizure, but the prediction is incorrect;
TN: The prediction of a certain EEG segment not belonging
to the status of epileptic seizure and the prediction is correct;
FN: The prediction of a certain EEG segment not belonging to
the status of epileptic seizure, but the prediction is incorrect.

3) INSPECTION OF RESULTS

Based on EEG experiments, when changing the number of
channels, we can obtain a large amount of data from single-
channel, dual-channel, and triple-channel combinations. For
23-channel EEG, there are 253 combinations of two channels
and 1771 combinations of three channels. In order to
more clearly illustrate the algorithm, this section uses
single-channel data for experiments, selecting data from
channels 1 to 23. When using dual-channel and triple-
channel experiments, we select channels 1 to 5 and obtain
10 sets of dual-channel combinations and 10 sets of triple-
channel combinations. In most cases in nature, when the
amount of data is large enough, these data tend to be
approximately normal distributed. Therefore, although the
experiment selects some combinations for testing, their
results are representative.
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TABLE 1. Lead information table.

Channel Corresponding Channel Corresponding Channel Corresponding
number electrode number electrode number electrode

1 FP1-F7 9 FP2-F4 17 FZ-CZ

2 F7-T7 10 F4-C4 18 CZ-PZ

3 T7-P7 11 C4-P4 19 P7-T7

4 P7-01 12 P4-02 20 T7-FT9

5 FP1-F3 13 FP2-F8 21 FT9-FT10

6 F3-C3 14 F8-T8 22 FT10-T8

7 C3-P3 15 T8-P8-0 23 T8-P8-1

8 P3-01 16 P8-02

FIGURE 3. CHB-MIT database electrode and channel schematic.

Therefore, in this study, a normality test was conducted on
the experimental results. If the recognition accuracy follows
a normal distribution, then they are representative. If it does
not follow a normal distribution, then additional data needs
to be added for further analysis.

B. EXPERIMENTAL DESIGN
The experiment was conducted based on the Bonn database
and the CHB-MIT database, with the following details:

(1) Experiment 1: Conducting experiments on the Bonn
database.

The first experiment was conducted on the Bonn database,
with a channel number of 1 for VarChanNet recognition
operation. All EEG segments generated from Set D and Set
E were mixed together, with 80% randomly assigned to the
training set and 20% assigned to the test set. The experiment
was tested using a dichotomy method to determine whether
each EEG segment was during a seizure or not. The
1D-Capsule training was performed for 50 rounds, and the
evaluation metric values were obtained using the test set after
each round of training. The evaluation metric statistics were
divided into two parts: the first part calculated the average
value of the metrics for the last 10 rounds of network training,
which was the Accuracy Ave; the second part calculated
the maximum value of the metrics during the 50 rounds of
training, which was the Accuracy Best.
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TABLE 2. The results of experiment 1.

Evaluation

. Ave Best
index

Accuracy 0972031 0.975

Experiment 1 objective: On the Bonn database, when the
number of channels involved in recognition operations is 1,
perform seizure recognition.

(2) Experiment 2: Conducting experiments on the
CHB-MIT database.

Experiment 2 was conducted on the CHB-MIT database,
with the number of channels participating in the recognition
operation being 1, 2, and 3. When the number of channels
was 2, there were two experimental schemes: one was
to select two channels from channel 1 to channel 5 for
experimentation, and the other was to select the two
channels with the highest Accuracy Ave from channel 1 to
channel 5 based on the single-channel test results. Similarly,
when the number of channels was 3, there were also two
experimental schemes. The data of each participant was
divided into training data and test data. In order to more
concisely present the experimental results, the experiments
of participants chbO1 and chb10 were taken as examples for
explanation.
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TABLE 3. Experiment results for single-channel.

Channel chb01 chb10
Avg Accuracy | Best Accuracy | Avg Accuracy | Best Accuracy
1 0.9381 0.9524 0.8977 0.9128
2 0.9232 0.9464 0.9622 0.9826
3 0.9137 0.9286 0.9767 0.9767
4 0.8845 0.8929 0.9541 0.9651
5 0.9351 0.9464 0.7837 0.8081
6 0.9054 0.9286 0.8041 0.8256
7 0.8643 0.8810 0.8994 0.9128
8 0.8786 0.9048 0.9424 0.9477
9 0.9345 0.9405 0.7576 0.7733
10 0.8702 0.8810 0.7890 0.8140
11 0.9101 0.9107 0.8337 0.8488
12 0.8607 0.8690 0.8576 0.8663
13 0.9458 0.9583 0.7012 0.7209
14 0.9298 0.9405 0.8308 0.8430
15 0.9256 0.9286 0.8297 0.8372
16 0.8804 0.8929 0.8837 0.9012
17 0.8268 0.8452 0.7965 0.8081
18 0.8518 0.8690 0.8302 0.8430
19 0.9155 0.9226 0.9767 0.9826
20 0.9030 0.9107 0.9640 0.9651
21 0.9542 0.9583 0.9477 0.9535
22 0.9530 0.9583 0.7994 0.8081
23 0.9268 0.9345 0.8221 0.8372

Experiment 2 objective: To analyze the effects of varying
the number of channels and combinations of channels

involved in seizure recognition.

IV. EXPERIMENT RESULTS AND ANALYSIS
A. EXPERIMENT RESULTS

(1) Experiment 1: The results of experiments carried out on

Bonn database: as shown in Table 2.

(2) Experiment 2: The results of experiments carried out

on CHBMIT database.

(D Experiment results when the number of channels
involved in recognition operation is 1(single-channel)

As shown in Table 3, the experiment results show the
recognition results of VarChanNet based on chb01 and chb10

in single-channel mode.

@ Experiment results when the number of channels

involved in recognition operation is 2(two-channel)

As shown in Table 4, the experiment results show the
recognition results of VarChanNet based on chb01 and chb10

in two-channel mode.

® Experiment results when the number of channels

involved in recognition operation

3(three-channel)

is

As shown in Table 5, the experiment results show the EEG
signal recognition results of VarChanNet based on chbO1 and

chb10 in three-channel mode.
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B. RESULT ANALYSIS

(1) Analysis of experiment results when the number of
channels involved in recognition operation is 1(single-
channel).

The recognition results are statistically analyzed and
Shaprio-Wilk is used to test the normal distribution. The
results are shown in Table 6 and Figure 4. It can be seen
that Acc indexes obtained from chbOl and chbl0 obey
normal distribution, and the data obtained are reliable. The
statistical average of the recognition results of chbOl and
chb10 shows that the result of chb01 is better than that of
chb10. Rank the experiment results of chb01 single-channel
in order of Accuracy Ave for top 5, and it can be obtained that
Channel 21>Channel 22>Channel 13>Channel 1>Channel
5. Rank the experiment results of chbl0 single-channel in
order of Accuracy Ave for top 5, and it can be obtained that
Channel 3>Channel 19>Channel 20>Channel 1>Channel 4.
It is indicated that the change of channels can affect the
accuracy of the recognition results and the optimal single
channel is different for different patient samples.

Take the midpoint of Channel 23 as the channel coordinate
(the electrodes of Channel 3 and Channel 9 are the same but
directions are different, and average to assign the midpoint
coordinate; the electrodes of Channel 15 and Channel 23 are
the same but directions are different, and average to assign
the midpoint coordinate), assign the channel coordinate
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TABLE 4. Experiment results of two-channel.

TABLE 5. Experiment results of three-channel.

chb01 chb10
Channel
Accuracy Ave Accuracy Best Accuracy Ave  Accuracy Best
1,2 0.958333 0.958333 0.9465 0.988372
1,3 0.942262 0.946429 0.97615 0.982558
1.4 0.940476 0.946429 0.916861 0.947674
1,5 0.951786 0.958333 0.887791 0.918605
23 0.956548 0.958333 0.978488 0.994186
24 0.939286 0.946429 0.961628 0.982558
2,5 0.943452 0.952381 0.937791 0.959302
34 0.923214 0.928571 0.96686 0.982558
35 0.932738 0.946429 0.968605 0.97093
4,5 0.927976 0.940476 0.848256 0.94186
chb01 chb10
Channel
Accuracy Ave Accuracy Best Accuracy Ave  Accuracy Best
1,2,3 0.958333 0.964286 0.965116 0.97093
1,2,4 0.938691 0.958333 0.944186 0.965116
1,2,5 0.955952 0.964286 0.936628 0.947674
1,34 0.950595 0.958333 0.95 0.97093
1,3,5 0.950595 0.964286 0.97093 0.982558
1,4,5 0.954762 0.964286 0.955233 0.97093
23,4 0.947619 0.952381 0.95407 0.959302
2,3,5 0.94881 0.952381 0.924419 0.965116
24,5 0.93631 0.946429 0.950581 0.976744
345 0.95 0.964286 0.959302 0.976744

TABLE 6. Single-Channel and intra-patient mode normal distribution test of experiment results for chb01 and chb10.
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Data Number chb01 chb10
Evaluation Index | Acc Ave | Acc Best | Acc Ave | Acc Best
Analysis Number 23 23 23 23

Average 0.9057 09174 0.8626 0.8754

Standard Deviation | 0.0349 0.0328 0.0790 0.0751

Average SE 0.0073 0.0068 0.0165 0.0157

Statistics 0.9475 0.9337 0.9360 0.9317

p value 0.2601 0.1314 0.1476 0.1189
Conclusion + + + +
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FIGURE 4. Statistical chart of recognition results for single-channel chb01 and chb10.

with the accuracy of Channel 23, and the recognition
accuracy distribution of Channel 23 is obtained, as shown
in Figure 5. It can be seen that although chbO1 and chb10
show different recognition accuracy on different channels,
they both show high accuracy on some channels, such as
21,2,3, corresponding to electrodes FT9 and FT10, F7 and
T7, T7 and P7. T7 appears twice in high-precision channels,
which may suggest that collecting EEG information in certain
brain areas for different patients can improve the recognition
accuracy of epilepsy.

(2) Analysis of experiment results when the number of
channels involved in recognition operation is 2(two-channel).

The recognition results are statistically analyzed and
Shaprio-Wilk is used to test the normal distribution. The
results are shown in Table 7 and Figure 6. It can be seen
that Acc indexes obtained from chbOl and chblO obey
normal distribution, and the data obtained are reliable. The
statistical average of the recognition results of chbOl and
chb10 shows that, the result of chb01 is better than that of
chbl0 in terms of Acc Ave index but the result of chbl0
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is better than that of chbOl in terms of Acc Best index.
Rank the experiment results of chbO1 two-channel in order of
Accuracy Ave, and it can be obtained that Channel 1,2>Chan-
nel 2,3>Channel 1,5>Channel 2,5>Channel 1,3>Channel
1,4>Channel 2,4>Channel 3,5>Channel 4,5>Channel 3,4.
Rank the experiment results of chb10 two-channel in order of
Accuracy Ave, and it can be obtained that Channel 2,3>Chan-
nel 1,3>Channel 3,5>Channel 3,4>Channel 2,4>Channel
1,2>Channel 2,5>Channel 1,4>Channel 1,5>Channel 4,5.
It is indicated that different combinations of two-channel
can affect the accuracy of the recognition results and the
optimal two-channel combination is different for different
patient samples.

(3) Analysis of experiment results when the number
of channels involved in recognition operation is 3(three-
channel).

The EEG signal recognition results are statistically ana-
lyzed and Shaprio-Wilk is used to test the normal distribution.
The results are shown in Table 8 and Figure 7. It can
be seen that Acc Best indexes of chbOl disobeys normal
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FIGURE 5. Distribution maps of recognition effect of Channel 23.

TABLE 7. Normal distribution test of experiment results for chb01 and chb10 in two-channel and intra-patient mode.

Data number chb01 chb10
Evaluation index  Acc Ave AccBest AccAve Acc Best
Analysis number 10 10 10 10

Average 0.94161  0.94821 0.93889  0.96686

Standard deviation 0.01164  0.00933  0.04283  0.02437

Average SE 0.00368  0.00295 0.01354  0.00771

Statistics 0.95959  0.87879  0.85852  0.90286

p value 0.7812  0.12638  0.07331  0.23547
Conclusion + + + +

+ represents not excluding normality at the 5% level, that is, obeying normal

distribution

- represents excluding normality at the 5% level, that is, disobeying normal

distribution

distribution, which need more data for further analysis. The
analysis of Acc Best indexes of chbOl can only be used
as reference. Rank the experiment results of chb01 three-
channel in order of Accuracy Ave, and it can be obtained
that Channel 1,2,3>Channel 1,2,5>Channel 1,4,5>Channel
1,3,4>Channel 1,3,5>Channel 3,4,5>Channel 2,3,5>Channel
2,3,4>Channel 1,2,4>Channel 2,4,5. Rank the experiment
results of chb10 three-channel in order of Accuracy Ave, and
it can be obtained that Channel 1,3,5>Channel 1,2,3>Channel
3,4,5>Channel 1,4,5>Channel 2,3,4>Channel 2,4,5>Channel
1,3,4>Channel 1,2,4>Channel 1,2,5>Channel 2,3,5. It is
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indicated that different combinations of three-channel can
affect the accuracy of the recognition results and the optimal
three-channel combination is different for different chb
samples.

(4) Contrastive analysis of single-channel, two-channel
and three-channel.

The averages of Acc Ave and Acc Best of chbOl and
chb10 on single-channel, two-channel and three-channel are
statistically analyzed. 23, 10 and 10 values of Average of
chb01 and chbl0 Acc Ave and Average of chbO1 and chb10
Acc Best are obtained respectively, as shown in Figure 8.
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FIGURE 6. Statistical chart of recognition results for two-channel chb01 and chb10.

TABLE 8. Normal distribution test of experiment results for chb01 and chb10 in three-channel and Intra-Patient mode.

Data number chb01 chb10
Evaluation index  Acc Ave AccBest AccAve AccBest
Analysis number 10 10 10 10

Average 0.94917 0.95893 095105  0.9686

Standard deviation 0.00702  0.00655  0.01355  0.00996

Average SE 0.00222  0.00207  0.00429  0.00315

Statistics 0.9094  0.80962 0.97148  0.93967

p value 0.27693  0.01897 0.90423  (0.54933
Conclusion + - + +

+ represents not excluding normality at the 5% level, that is, obeying normal
distribution
- represents excluding normality at the 5% level, that is, disobeying normal

distribution
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FIGURE 7. Statistical chart of recognition results for three-channel chb01 and chb1o0.

According to the Accuracy index of chbO1 and chb10, chb01
and chb10 both own high Accuracy Ave on Channel 21, and
chb01 and chb10 both own high Accuracy Best on Channel
2. Although the maximum recognition accuracy of Channel
2 is optimal on single-channel, the accuracy average is lower
than that of Channel 21. If a channel is needed to recognize
epileptic EEG signals of chbO1 and chbl10, relatively high
and stable recognition accuracy can be obtained by choosing
Channel 21 (Figure 8-a). According to the Accuracy index
of chbOl and chbl0, chb01 and chbl0 own high Accuracy
Ave and Accuracy Best when using Channel 2,3, indicating
that the combination of Channel 2 and Channel 3 can obtain
high and stable recognition accuracy if two channels are
needed to recognize epileptic EEG signals of chbOl and
chb10 (Figure 8-b). According to the Accuracy index of
chb01 and chb10, chb01 and chb10 own high Accuracy Best
when using Channel 1, Channel 3 and Channel 5, but the
accuracy average is lower than that of Channel 1, Channel
2 and Channel 3. If three channels are needed to recognize
epileptic EEG signals of chbO1 and chb10, the combination

VOLUME 12, 2024

of Channel 1, Channel 2 and Channel 3 can obtain relatively
high and stable recognition accuracy (Figure 8-c).
According to the analysis above, the channel combinations
with the maximum Acc Ave value of chb0l and chbl0
on single-channel, two-channel and three-channel are
respectively Channel 21, Channel 2,3 and Channel 1,2,3, the
average Acc Ave corresponding to 0.95095,0.967518 and
0.9617245, that is, two-channel>three-channel>single-
channel. The channel combinations with the maximum
Acc Best value of chbOl and chbl0 on single-channel,
two-channel and three-channel are respectively Channel 2,
Channel 2,3 and Channel 1,3,5, Acc Best corresponding to
0.9645,0.9762595 and 0.973422, that is, two-channel>three-
channel>single-channel (Figure 9-a). The averages of 23,
10 and 10 values of Average of chbOl and chblO Acc
Ave and Average of chbOl and chbl0 Acc Best obtained
are calculated ( Figure 9-b). The results of the averages
of Acc Ave and Acc best are both multi-channel>single-
channel. In conclusion, the increase in the number of
channels can tap potential for EEG signal recognition and
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TABLE 9. Results based on bonn.

Database | Source of Comparison Method | Experimental Tool | Dimension of Network | Accuracy
Bonn Turk O et al. [24] MATLAB 1D network 1
Bonn Liu J et al. [25] Keras 1D network 0.996
Bonn Ahmedt-Aristizabal D et al. [26] Keras 2D network 0.9125
Bonn Sharathappriyaa V et al. [27] MATLAB 2D network 0.9867
Bonn VarChanNet pyTorch 1D network 0.975

TABLE 10. Results based on CHB-MIT.

Database Comparison Method Source Experimental Tool Network Dimension Accuracy
CHB-MIT Ammar S et al. [17] pyTorch 1D network 0.9485
CHB-MIT Tian X B et al. [3] pyTorch 1D network 0.9833
CHB-MIT Yuan Y et al. [28] pyTorch 2D network 0.9437
CHB-MIT Ozdemir M A et al. [19] pyTorch 2D network 0.9963
CHB-MIT VarChanNet pyTorch 1D network 0.9763

improve the accuracy of EEG signal recognition to a certain
extent.

V. DISCUSSION

Most researches are carried out on a single EEG sig-
nal database. The comparison results of VarChanNet and
comparative methods are shown in Table 9-10 and Fig-
ure 10. Table 9 compares VarChanNet with the method
that carries out experiments based on Bonn database and
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Table 10 compares VarChanNet with that based on CHB-
MIT database. Although the two groups of experiments
are carried out based on the same EEG signal database,
the EEG signal segmentation algorithms of different EEG
signal recognition methods are different. As a result, the
input data of these recognition methods are difficult to be
consistent. The methods for EEG signal recognition that carry
out experiments based on Bonn database are grouped and
their precision of seizure recognition, such as VarScaleNet,
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FIGURE 10. Results of comparison.

can reach 0.975, which is superior to the recognition results
of the Ahmedt-Aristizabal D et al. group. The methods
for seizure recognition that carry out experiments based on
CHB-MIT database are grouped and VarScaleNet can achieve
a precision of 0.9763, which is better than the Ammar S et
al. and Yuan Y et al. groups. At present, most algorithms
carry out experiments and tests on one database. Compared
with existing studies, the VarScaleNet can realize seizure
recognition on both Bonn database and CHB-MIT database
on the premise of ensuring the accuracy of recognition result,
which has a broader application prospect.

VI. CONCLUSION AND FUTURE WORK

In this study, a deep neural network is established based
on dynamic routing algorithm and a recognition method for
seizure, VarChanNet, is proposed based on this network. This
method can change the structure of deep neural network
according to the number of channels involved in recognition
operation, obtain effective information from the channels
and fuse the acquired effective information to realize EEG
recognition of epileptic seizures. In this study, experiments
are carried out on two different open epileptic EEG database
to evaluate the performance of VarScaleNet. The important
conclusions of the study are as follows:

1) The change of channel will affect the accuracy of the
recognition result. On CHB-MIT database, Channel
21 can be selected on single- channel mode, Channel
2,3 can be selected on two-channel, and Channel 1,2,3
can be selected on three-channel.

2) The results of single-channel, two-channel and
three-channel experiments show that the increase in the
number of channels can tap potential for EEG signal
recognition.
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3) VarScaleNet conducted experiments on the Bonn
and CHB-MIT databases and achieved impressive
performance, indicating that the proposed method has
generalization potential.

In future research, we will focus on exploring the fusion of
multimodal data, aiming to extract recognition information
contained in different modal data and achieve accurate
recognition of epilepsy and other brain diseases.
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