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Adaptive Weighted Modeling of EEG Signals in Seizure Detection
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Abstract: Automated seizure detection plays a crucial role in the prevention and treatment of epilepsy. Deep learning-
based electroencephalography (EEG) analysis techniques have made significant progress in this field. However,

extant methods have failed to fully consider the unique influences of different EEG channels in seizure detection when
processing multichannel EEG data, resulting in models that lack interpretability. To this end, two innovative deep
learning models are proposed to identify which EEG channels play key roles in the detection process, with the aim of
improving the interpretability of seizure detection. The first model is the fully convolutional network (FCNse) detec-
tion model, which is combined with a compressed excitation module. The model’s unique convolutional structure

enables effective feature extraction and spatial information enhancement on the time axis. Next, an upsampling
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mechanism and a skip-level structure are introduced to address the local spatio-temporal characteristics present within
the EEG signal. Finally, a compression excitation module is combined to focus on more important feature informa-
tion for epilepsy detection. The second model is the Transformer-based network detection model (Transet). In this
model, different EEG channels are considered as different words in a sentence. Then, these words are input into the
Transformer network. Next, the model employs a distinctive self-attention mechanism, enabling it to learn EEG
features with greater efficiency and focus on information closely related to seizures. Finally, the role of the self-
attention mechanism is explored in the process of the model’s adaptive allocation of channel weights. The experimen-
tal results on the CHB-MIT dataset show that the FCNse model achieves an Ayc value of 0.88 and an accuracy rate of
89.2%, and the Transet model achieves an Ay value of 0.90 and an accuracy rate of 87.4%. The findings indicate a
high degree of consistency between the two distinct types of deep learning models in terms of the results obtained from
the channel weight map, thereby validating their accuracy and reliability. This research provides a novel solution for

the automatic detection of epileptic seizures and contributes to the advancement of diagnostic and therapeutic strate-
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12 > fh

B D | HEH | | U | patkn ||l

s} [ /s
chb01 i@ 11 7 40.55 63.15
chb02 5 11 3 35.27 57.34
chb03 i@ 14 7 38.00 57.43
chb04 5 22 4 156.07 94.50
chb05 I 7 5 39.00 111.60
chb06 i@ 1.5 10 66.74 15.30
chb07 | 145 3 67.05 108.34
chb08 B | 35 5 20.01 183.80
chb09 i@ 10 4 67.87 69.00
chb10 5 3 6 50.02 65.50
chbll & 12 3 34.79 268.67
chbl2 i@ 2 27 20.69 36.63
chbl3 & 3 12 33.00 44.59
chbl14 i@ 9 8 26.00 21.13
chbl5 5 16 20 40.01 99.60
chb16 I 7 10 19.00 8.40
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chb20 I 6 8 27.60 36.75
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chb23 E'S 6 7 26.56 60.58
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Tab.2 Performance comparison of model comparison

experiment
Xt H ik Ayc Acc/% Spi/% Sen/%
Wei-CNN 0.79 83.2 82.8 73.2
EEGNET 0.85 82.4 83.3 76.0
CNN-LSTM 0.84 82.8 81.4 75.1
TABS 0.82 81.6 80.7 72.4
CT-FCB 0.85 84.7 83.2 74.8
ResBiLSTM 0.88 87.1 84.5 75.3
Transet 0.90 87.4 85.9 81.7
FCNse 0.88 89.2 88.0 75.6
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(b) JELMIA ROC ik
B3 AT ROC HiZk
Fig.3 Receiver operating characteristics curves of model
comparison experiment
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Fig.4 Visualized EEG channel weighting diagram
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Fig.5 Epileptogenic zones of the patient inferred from
EEG channel weights



2026 42 H

SR ERIESE - R S5 1 T ISR RS A A A D) H 1) O <179 -

3 CHB-MIT ##z 5 A B B & K ISR B F1 B0 X
Tab.3 The maximum weighted channels and epilepto-
genic zones of patients in the CHB-MIT dataset

BEID HURIX FRINBGHEE
chb01 | ToiR/ZgHT A5 P4-02,T8-P8,P8-02,T8-P8
chb02 w2 FP1-F7,F7-T7,FP1-F3,F3-C3
chb03 | THM-/KLI: 2200 T7-P7,P7-01,C3-P3,P3-01
chb04 W FZ-CZ,CZ-PZ,FT9-FT10,FT10-T8
chb05 2] FP1-F7,F7-T7,FP1-F3,F3-C3
chb06 | ToirH-/35in- 45 P4-02,T8-P8,P8-02,T8-P8
chb07 | THH/RLI: 2200 T7-P7,P7-01,C3-P3,P3-01
chb08 i FP1-F3,FP2-F4,FZ-CZ
chb09 | THH-/KL I 2200 T7-P7,P7-01,C3-P3,P3-01
chb10 2] FP1-F7,F7-T7,T7-FT9
chbl1 i FP1-F3,FP2-F4,FZ-CZ
chb12 | oKL 2200 T7-P7,P7-01,C3-P3,P3-01
chb13 | ToiR/zgR A5 P4-02,T8-P8,P8-02,T8-P8
chbl4 | ToiR/AGint-A P4-02,T8-P8,P8-02,T8-P8
chb15 FRRLER T7-P7,P7-01,C3-P3,P3-01
chbl6 2] FP1-F7,F7-T7,T7-FT9
chb17 | ToiR/zgR A5 P4-02,T8-P8,P8-02,T8-P8
chb18 | Toir/zgn A5 i P4-02,T8-P8,P8-02,T8-P8
chb19 | TR/ A P4-02,T8-P8,P8-02,T8-P8
chb20 A A= FP1-F7,FP1-F3,F3-C3
chb21 | ToiR/A5int-A4 P4-02,T8-P8,P8-02,T8-P8
chb22 gl FP1-F7,F7-T7,FP1-F3,F3-C3
chb23 | oMK 220 T7-P7,P7-01,C3-P3,P3-01

SGN) , 47X HeisHie.

1€ CHB-MIT $di4E b RYyscgi sl R, AR
HH A AR 0 HE B U AR PR R S UERH T AR SR
(R 7 TR A B A A%, CNN Shfg K, R E
AE A S EERRE , AR 2 2] SR D ARRAE , (Rt
SRRy, 58X CNN AL, FCNse 15
RIGES T AR R 2 kL 45 0, I3 v 7 Pk
RE. WAL LA VPR IR — 2 T 45 R 5 ik )2
() T 285 SR 5 AE — k2, DT s B DRI 53 2 2ok 22 4 1 i
SEIRAERARRNE. FCN ZEHH 3 2525 1 N &
BV EERRZ. BLAh, T3 s RN SR &
YERIRE ), BERIHIA G| AT SE fiibk. SE #EHenl LA
T8 07 1 R A A S 2 R R P G TE G R AR
AT ) P LSS B A P R, AT — 254 ey T AR
HPERE. IHXTEESEER , B FCNse 55 CNN #4146k
Fod, SC 45 B 8K FCNse 57U (14 v ) 24 35 3
89.2% , ¥ 5N 88% , Ayc fH N 0.88, RIFJE N
75.6% . PEREFEARL T 3 FPEELAAY, SR T FCN ¥
25 SE B A R

S ZE R, Transet AR VERE R (R, AR
Ffl Transformer ZmtS#stRER, {5575 A gnh#% 2 7l
o L3 T AT i A BRAE. I P O TR
H BRI, 51 RS, DRI 2 (8] P93

BRZR. BT % (recurrent neural network, RNN)
By LSTM 75 Z45 I Fy Ab FR U 51) , i 322 I 28 4R 1E 22 [
(AR .o R T 2l AR A R B 0E B, A
FEAIE 22 [5] B B BT , A7 RS B 3K R 1) T e 12k sk
. A FROCT: 3138 T4l 42 )+ b B B AR AR Z [A] 1Y
WA F | B AT DL E R ) AT PR AR Z A9 O
B RSk, KRG T K ME 2 O R AE 2 18] 9 R
25, DI AT AR A 35 R X SE R, 4, RNN TG
AT HATERAE , R R A 32 B AR i — v o 1) PR
fil. #HEZ T, Transformer 4% HAHH A 7 & 1L
il , HAA AT, T LR 4 R 15 ., T Re
U, SCEGZE R B IR Transet AIMERGARILF] 87.4% ,
S5MER 85.9% , Auc M 0.90, RALE N 81.7% . M:AE
FEHMILT LSTM W25, FZBH T Transformer W25 F1 H
ML B A R
3.5 TIfEREMESH

R 24 2] W] i B AE By i vh B B
M. ARSCMN EEG HIEAEE A&, A TR B 2 2] 1R
PR IRAT , ST BT A EEG Bkt s 0 By i A ml
1B WA BRAE A%, AR SCHR B A O k4 B A I L
TR EEG 3838 ALEE , AR (E RS B 12 S i
TE B, 457N DR i H 3 T A A R R T G
SR, R IR AT A WS BRI AN X, il By
I IR 2R 38, b it IR B2 AR 32 4k B0 A 3 kb 2 67 4K
. FCNse F1 Transet 45 F 1521 {438 18 A 5 & 25 1)
A, ATAHELBGTE , BEsmah Ay T SEdk.

FCN 5401 DL A sh2% 2T FRAE , R R AR
PRAVER Bk 25 R R 38 G T ZAHOCHTY. FCN AT RLAA
AL FRHE F I MR R T E R E R, A
SCH FCN B T il v B 5 1 B, F B R
T FoRAE, EHAR S ] 55 AR R/, FCN
X R A ERAE AT DL BARBIR ZR G, DR AE R B3 i sy
MG 23 )5 S A RIS, 1380 18 1) AR AE a5 D
S — A, T D A M e P T X A3 2R 1Y
TUHR. SE AHUIE 3 51 Fe AU HA S B A i
MRS B, IF B SRS A~ @B ) E L. SE K
YRV A A [R)38 1 =2 [0] /3 B AR [ A 77, FCN
5 SE BEHUMHZE G, AT IR O EXHE 55 STk TE K
FHAE.

Transformer Zfth i th Y H FEOCHE AL HIE £ 5¢ 1
1 Hiy L) A A R 45 R IR FRLIR] , DA T 2% P& 3
HoAh B A 520, @K Transformer 1240 F Tk
FEL Pl A ()3, 430 T A0 TR oA ) b A [
HgA]. Lk A A MU, Transformer B4 AT LISHA
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3.6 HEISRELLE

A TSR BT IR AR (B RD T s R
(floating-point operation per second, FLOPs) ) | #5712
B FIHERRNSR] 3 DYERE IR T B A RS L oA, 4521
Nk 4 P,
x4 REGHRERERTT

Tab.4 Comparison of model complexity metrics

: PR B IR T RE/ ERfLR A/
| ponssage | VORI |
(K/s) (ms/EEAR)
FCNse 53.5 3.39 0.8
Transet 451.9 6.11 1.6

FCNse Miirfbis s T2 BN ok
), HEB 80 (53.5 x 10°) F 840 THEFBUZM SE
. T Transet [l Transformer ZifB 22k A iIF &
TR, SHCE L 451.9 % 10°, T HUE Q/KIV $#65%
FEMESHESHUENK. FCNse [ FLOPs £+ T4l
1B, Bk S5 2 RFRE N> T I04 7158, Transet 11
FLOPs FELHFET AT E VLG, Hp s B Jr
SEATE (OND) RN H SR, 78 52 ikt
FCNse AY#EFER}E]) B 2% T Transet. Transet FYHEIR
8T BEBE VLR 2R BT R, 8T NAIR
FF#4. FCNse 7E#EIEAZ PRI 5 (Wil %k #s) hE A
Pedi, T Transet (1SR RE IS A % HEIR AN RRURR 1) 2528
53HT.

3.7 HitEREMSW

AT 23 Bl WES N EAE L, 2s HE
K70 Bk, RAE Ja il 2R i v Beb T
RAEBILZAE AW, THE A BB TEAR R 2588 T
532k e, Bl 44 BE FR N 48 15 7y 41 A B ) 485 3
174325, FCNse 5 Wei-CNN, EEGNET, CNN-LSTM
A—2H, Transet 55 TABS, CT-FCB, ResBiLSTM “h—
W, AT LVERR G T 22 5 B 4, I I Rk
AL (rank sum test). & 6 FIE 7 4 5J@/R T 45F
D 28 2H 1P 910 A i D 24 2 P e s b R D, AT UL
SRS BTE R Rk MR Aye HR5
Mgz 5t Hop, REBEE p<0.05, TINE B EN
p <0.005.
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rank sum test
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