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[ Abstract ]

convolutional network model with fused attention mechanism (FAM-MCNN) was proposed. Multiple view features were extracted from

In response to the problem of low accuracy in epilepsy detection and recognition using single-view networks, a multi-view

time domain, frequency domain, time-frequency domain and nonlinear domain to characterize electroencephalogram ( EEG) signals
comprehensively. Multi-scale convolution was used to capture different levels of detail information. In order to improve the ability to
distinguish different types of EEG signals in epileptic patients, the attention mechanism was introduced to combine the features from
view dimension and single feature vector dimension respectively. The results of the comparison experiments performed on the CHB-MIT
epilepsy dataset show that the average accuracy, sensitivity, and specificity of the FAM-MCNN model are improved by 14.29% ,
16.13% , and 12. 54% , respectively, when compared to a single-view network. In addition, experiments under a small number of
training samples (25% ) show that its detection performance reaches the level of the comparison model with a large number of training
samples (80% ~90% ).

[ Keywords] electroencephalogram signal; multi-view convolution; attention mechanisms; intelligent auxiliary detection of epilepsy
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Table 1 CHB-MIT dataset details
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FE/ R HHiE] /s K /h
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2 L) 11 3 175 25.3
3 i@ 14 7 409 28
4 5 22 4 382 155.9
5 ‘S 7 5 563 39
6 & 1.5 9 147 66.7
7 % 14.5 3 328 68.1
8 B 3.5 5 924 20
9 I 10 4 280 67.8
0 B 3 7 454 50
11 12 3 809 34.8
12 S 2 21 1515 23.7
13 I 3 12 547 33
14 °© 9 8 117 26
15 5 16 20 2012 40
16 S 7 10 94 19
17 12 3 296 21
18 & 18 6 323 36
19 8 19 3 239 30
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Fig. 1  Framework of intelligent-assisted detection for epilepsy
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Fig. 4  Structure of multi-scale convolution module
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Table 2 Results of the FAM-MCNN model

B HERI/ % R/ % S/ %
1 99.43 99.15 99.72
2 98.91 100 97.74
3 98.91 98.17 99.68
4 99. 67 99.65 99.69
5 99.10 100 98.17
6 99.18 99.17 99.19
7 98.46 98.08 98.84
8 99.25 99.59 98.91
9 98.41 97.77 99.08
10 99.72 99.43 100
11 99.46 99.54 99.37
12 99.45 99.56 99.34
13 97.89 97.81 97.98
14 99.63 99.25 100
15 98.02 98.85 97.27
16 100 100 100
17 97.01 96.12 97.88
18 98.82 99.18 98.48
19 99.47 98.90 100
20 99.15 98.31 100
21 99.06 100 97.96
22 98.77 100 97.59
23 100 100 100
24 98.53 97.09 100

EHIE 99.01 98.98 99. 04
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Fig. 6 Variation curve of accuracy and loss

value of training set
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Table 3 Results of ablation experiments

A HEHR/ % RIS/ % TS/ %
a 84.72 82.85 86.50
b 93.77 92.91 94.65
¢ 97.20 97.15 97.40
d 99.01 98.98 99.04

IS MHE - www. stae. com. cn



B 2 A 5O O#

Science Technology and Engineering

1994

2025,25(5)

SCASRYAE B A Be Al Bh A o B A Rk
2.3.3 FREM#RZHERTIL

H A, KZEO0 I 2 e BRIy vk 2l K
S A F A T 2 I 25 D) BUAS BRARRCR, , MR AR
BAEA L S bRic BE AR R DR, 25 5 H B 4
BEG, SR, FESEPRRE I R v, BT RRRA B e
A HAE D 22 ME LA AR AS 2 08 00 19l b 1 C 0 A
A, SN T HAIE FAM-MCNN #5580 7 52 ok i Fp i
R, >R FHAS [R) 0 A A 2 47 S 00, BV X 4 7 A 3
BRI A R 580 2R AT 0 R K s N RE AL RE AR 4y
HEHE80% 50% 25% 10% HIREAAE Jy Il 45 4 H
AAE LR 15 B A SL I A5 R N3k 4 FiR .,

x4 TEBEXAETHER
Table 4 Results at different sample sizes

PlEEREN R/ % R/ % RS/ %
80% 99.01 98.98 99.04
50% 98.76 98.58 98.93
25% 98.43 98.29 98.57
10% 96.70 95.59 97.82
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TEMEEIAE CHB-MIT #iE&E IR

Table 5 Effectiveness of different models on the

CHB-MIT dataset

ik Y IIREEAE ETIR/ % REUE/ % FERE/ %
XHR[ 18] 2022 90% 97.74 98.25 97.73
CHL19] 2021 90% 87.80 87.30 88.30
k(9] 2023 80% 96.23 98.20 94.02
XHk[10] 2023 80% 94.30 94.50 94.00
CHk[20] 2022 80% 95.47 93.89 96. 48
HkR[21] 2022 80% 89.88 96.71 89.88
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