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Abnormal epileptic signal detection and classification model
based on deep learning
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Abstract: Epilepsy is a common neurological disease, and its diagnosis mainly relies on the analysis of EEG signals. In
recent years, deep learning-based methods have been widely used in epilepsy detection, but these methods usually rely
on a single feature extraction technique and mostly ignore the spatial domain features of EEG signals. In order to
capture the spatial domain features of EEG signals, researchers have tried to introduce the graph representation of EEG
and combine it with GNN model for modeling. However. the graph representation of existing methods usually requires
cach vertex to traverse all other vertices to build the graph structure. resulting in high time complexity and difficulty in
meeting the needs of clinical real-time diagnosis. In response to the above challenges, this study proposed CNG
structure, which reduces redundant edges by dynamically selecting neighbor nodes, significantly reducing the time
complexity while retaining key information. On this basis, we further proposed a dual-view input-based automatic
epilepsy detection and classification framework, DV-SeizureNet. This framework can simultaneously learn the time,
frequency, and spatial domain features of EEG signals to achieve epileptic abnormality detection and seizure
classification. Experiments on the TUSZ dataset show that DV-SeizureNet achieves an accuracy of 91.4% in epilepsy
detection tasks, which is 2. 1% better than the existing state-of-the-art methods. In the classification task, the average
classification accuracy of the model for four types of epileptic seizures is 82.8% , and the Fl-score is 81.2%. DV-
SeizureNet uses a dual-view learning framework to comprehensively extract and fuse the spatiotemporal and frequency
domain features of EEG signals, and performs well in epilepsy abnormality detection and seizure classification tasks.,
providing a reliable auxiliary tool for clinical diagnosis.

Keywords: epilepsy detection; deep learning; EEG signals; dual view learning; graph convolutional neural network;
multi-scale feature fusion
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Fig. 4 Output layer

Khatri-Rao F4 & = B 43¢ 11k 38 B.2%5 [

Foorasion = 0 Q 0} (18

Hrh @R Khatri-Rao B, #4551 AR 45 3L
Y B R S ECHLE AR

a = softmax W,[o},0;]+b,) 19

Hrep,w, Mb, BN SE. A G RER .

o, =ao0} + (1 —a)o; (20)

AlE G ARIE o) &id — A2 Z W Bl i =
[, 23k softmax HRNZEETME Ry, . W FEZ I
il o 55 7 5 08 2 25 JR A R W) RRAE B AR L A DR 22 4 BE RRAE
B O A B RN L DT 3 T 4 2 P RE

TR ALY 251 B B, {di ] Smoothing Focal Loss 1E & it 2
PRI, DIAR TR B A 2 A A5 1 0 B IS e k. RS
Focal Loss i 1A S8 v BEAK T 5 4 5 AR AL , (4%
R S ME T AR . SR, 76 AR i 288 AN A S LR
LY AT REATS SR X D BORAEA ) 2% 2 A 2 . Smoothing Focal
Loss 7E4% 48 Focal Loss BUFEERE F 51 A T ARZESE 1, (i AR
T 25 SRR — 2 BT P i — P AR T T BT R
FER Y G B L Hom T SR B R

B € LGRS ABENERS N g . XT
—NEA C AL 53 ZE 8, bR 4T 5 0 H bR o TR
q M

JleJré,i =y

q; =3 Q2D
€
o
{C Jtf
H, vy BEERERINRG]; ¢ BFESE
Smoothing Focal Loss B8 AT .
.
Loss(prg) = — >,q,(1—p)7log(p) (22)

Her, p, BRI i DRBBER; ¢ AR
PG BERSrAis v & Focal Loss B1H 1 40, F TR
I 55 53 EAE A YRR, (AR 28 B DG T M 3 AR A

W R AR R T R B SR AR A Y o B A
e T LA A KUBS: 5 45 A Focal Loss, 188 GE 1% 3 £
T 43 25 AR AR, DT 4 T B AR Y A 2 MR A iz Ak

&b
He JJ .
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BFFE R 4 A~ 32 ZEPF Ak 48 B ok 4 T P4l BT B2 45T 24 1
PEBE ER R F1 80 IR TR R,

D ZIusr P8t

B BB (TP 28 7~ 1E 0 10000 174 PP A A 4 e, LB
P CTND 7 1E 0 U i) BA A AR 450 R PR (FP) ROR B
TR (14 PR REAS AR B (FND 275 55 T 119 BA P RE AR

Xof TR 5 A S A, Fe bR LA

TEAR R R W T R R A T A IR A R AP RE L T
TN IEW A IR SRR Bt fl. A h .

TP+ TN

TP+ TN +FP+FN

i ff 23 A e TR X WE R A AT A SRR L R
IR Sl I o = o N 295 < i L [ S s N L T =

(23)

Accuracy =

Precision = % 24)
Recall &7 AR IE B R 51 IEAE A B B8 7 . 1158 1IE 7
SN IEREAR b7 S BR IEREAS BB He BB . AR .
TP
Recall = TP L FN (25)

F1 Score % Precision 1 Recall B8 135 (8 , 2 iy &
FEHIFE Precision A1 Robust _F A AT HERE I8 S 18R . 2
W

Fl—2x precision X Recall

precision + Recall
2) 2RI LKA
W SR IERR TNy ¢ SEMAEARCR, m, BTN MR T
| RIYHEASE, n, REPRE T i BHEALE.

(26)

X F 22002 i HE YK 115 Precision ., Recall il
F1 Score.,
TOF-24KS B (micro-averaged precision, P, ):

4

20
P, = 27
Em,
i=1
#F- 3 43 171 3R (micro-averaged recall, R ..., ):
4
2
R, =-"+— (28)
2n
i=1
W F1 4340 (micro-averaged precisions F1,,,, ):
Fl,..,=2X Pi,mm, TR, (29)

XL bR AL A L T — LA PP AR HESE B 58 T R AL
F1% R PRI o 2 R B 0 3 0T T 00 S A ARG I A
BB REE,

2 XREREHH

2.1 FHikkH

AT A 8 E DV-SeizureNet 76 50K 5 # 15 5 K 0 -
PR D0 35 PR () 2 0 1) %o LU A B R A S5 0, T 5, BB 3
PG GEMLAR 2 2 T 05 LLBGIE I BE 2% ) 16 5 2% 9 i 4 LA
A AF: 55 v A DA PE s JE e 3 g 3 e R 0 A1 R A 1Y TR
JE 2 SRS 50 25 SRR X R 0 P RE Y SR B S L 3
ol 35k - PR 5 0 1) 7 3 o 0 U 22 20 R AE G A 4 T ARG I o
B PEFIRRE M O T A DG BEVE T, G X S S, B AE 2
VA 2% JEHRAE AN 7 uk XA B A BE 1 5200 L 5 2R AN 3R 2 T

F2 RsHEAABOWNBRRERSRUER

Table 2 Detection results of abnormal epileptic signals in the 12 s time window

g R Rl _ :

Acc Recall Precision F1
Higuchi 73 4i 8 +SVM™ 0.783 0. 462 0. 751 0.572
T spectral power By SVM™ 0. 781 0. 485 0.793 0. 602
STFT.CWT 0. 805 0.515 0. 853 0. 642
1D-CNN-LSTM™" 0. 848 0.576 0. 801 0. 670
CNN-GRU-AM™" 0. 851 0.506 0.730 0.598
MD-DCNN 0. 864 0.543 0.777 0. 639
GAT+Bi-LSTM™ 0. 871 0. 641 0.816 0.718
MGGNA™ 0. 879 0.515 0.818 0. 632
Two-stream graph-based framework™") 0. 893 0. 524 0. 837 0. 645
DV-SeizureNet (A 3) 0.914 0. 853 0.912 0. 825

LS LA 2= 2 73k v, i 1 Higuchi 43I 4 2R
SVM MBI A S 6 B T 78. 3% . {H F1 154, 74 1] &
IR R AR BAR 2% 0 M 78 30 32 52 2% B0 kA AR =X s Y R

FRPE, JET spectral power [ SVM EEHIPIH ] SVM Ay 4
PRET) R AR IE, W AR B T F1 15 4 (60.2%) 1M B R
(79.3%) (A A AR ARG R AN 78. 1%, Bon H 7E b R

+ 119 -
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RV HE BoU Al NSC %40 45 [ 38 B0 o, ofE o % 432 0
100% ,HHAE TUSZ $di &£ LR F AL R,
FZ T, CNN-GRU-AM #5% B 5 b 8 /0 ik 4% 46 Fn
CNN.GRU 5 73 Sy HLHi A 45 & U017 22 di R AF 4b B, RS
WA T % 85. 1%, 7% JF T DV-SeizureNet. MD-
DCNN A5 A5 ) 38 3oF A P f% 55 DCNN R (1 38 481 45 [1)
WL, 7E TUSZ $a 5 LIS T 86. 4% My MERf 2, SR W7, #0
AR R B A SR EEG 155 B9 25 BURHE 52 R T 950
R 6

itk — 5 #eiE, GAT + Bi-LSTM 45 #1058 o) 45 &
GAT 5 BILSTM, A% Hy i $2 1 i 8 5 5 4 4 1] A A i) 15
BIFERT TR B AR TSR, 20 KRB
P 4 MGGNA #6838 13 22 3% 14 3 AL b 38 2 4 S [
FRIE 358 T R iR AR IE R AL BRAE 1,35 B T 87. 9% WY ME
RN R 8 iE DV-SeizureNet, Two-stream graph-
based framework™ ¥4 EEG 1 = 11 i 385 1 951 J5% 435 1F %y A
GON AT AR, U B8 0% 35 B 22 4 4 BE A9 R AE (B i TR
X FEAESE AT A 5500 4 BRIl A 5 BOHFE 4 300 Mk RE 8 A I
¥ K F DV-SeizureNet,

25 LR, R 1R B 5 AR O A S R e
H T & B s H DV-SeizureNet 1E #ER P L ] 5E 24
VAR A AR bR DRSS, Fo o R T H A i U
P
2.2 BEEHBEN

3 S VT Al TR M L AR S T 4 A R SRR 11 )
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O®) . WOGP ik Mt M E 2 h O (n®) . FERT IR /D
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Graphical representation generation time based on various

graph structure component methods

T IE e HE R T IO L LS R A 1 A A 5 T — 1k
ARG AR O AR SR R A5 k. Sk T RROL LA B R A P
T A HL R 2 ] ) A [ T TR B T U — AR OC Y A
D) B 7 T Al R A ) A TR AP S X AT B T 4 s K
W0 45 3% gl rh i 2 A

UNIET 6 BT 718 B T U — A0 R G A0 400 3 1RT A LE 4k
TR L LA 0 P L v A R A BT R L IR T A 4R
Sl 1 45 g A 00 A A A I P g O .l e I R O S
AR T A% AR IR TE T3 AR BRI 3 s BiiE 1
TEAR 5 R AL R 32 P A 2k, ik — AP U W] T AR 50
BAFRL DN AN 3 26 v il B

101

SETHRKER o&ETFH-EHEX
&6 kT WG R 2 A0 A — 4k B DG Y 2 g 45 2R
Fig. 6 Experimental results based on Euclidean distance

and normalized cross-correlation
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157, DV-SeizureNet $2 5 7 5 B 3 32 £ 85 o 18 76 SC B Y
Ry, R TR & R B W R MR, Ik Ak, DV-
SeizureNet FHL T 1 (4 1932 AL RE 7, 31X X F 38 R 55 B Il
IR A H AR 22 R A A IR T E R E
2.4 BBHEHMEMW

N T HF5E DV-SeizureNet [ Fafd 1, BF 58 T 48 2 500
HEW 2R A R0, 42 45 Dropout . RNN JZ 4. o B2 K /NI
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Table 3 Experimental results of dual-view and single-view in 12 s time window
A 12 s s K6 12 s Wi 4 2%
Acc Recall Acc Recall Acc Recall Precision F1
CN-GCN-+LSTM 0. 894 0. 815 0.721 0. 806 0. 806 0. 807 0.771 0. 789
MS-CNN+GRU+LSTM 0. 886 0. 805 0. 847 0. 825 0.773 0. 775 0.720 0.746
DV-SeizureNet 0.914 0. 853 0.912 0. 825 0. 828 0. 818 0. 806 0.812
x4 0sHEROMNNAEMERELHER
Table 4 Experimental results of dual-view and single-view in 60 s time window
- 60 s ¥t £ I 60 s HMw 4> 2%
Acc Recall Acc Recall Acc Recall Precision F1
CN-GCN—+LSTM 0. 896 0. 806 0.539 0. 646 0. 793 0. 787 0. 740 0.763
MS-CNN+GRU-+LSTM 0. 850 0. 826 0.526 0. 643 0. 802 0. 803 0. 781 0.792
DV-SeizureNet 0.902 0. 834 0. 690 0. 755 0. 817 0. 800 0. 808 0. 804

R 5 TR, 78 0.3~0.6 1Y dropout 7 Fl N, ¥ Jin
dropout B % a4 fE (4 5% i A] DL 2086 AR 1, (A & R 300y
RWEMER WA B3, EX LR EH,0.3 B dropout
RIGARE - A RA MR R, YRAERSA 2.4.8
116 JZ 69 RNN ZERg iy 2 B9 2 7E 12 s I B4 5
iR R | R R (E N i N R R R O Ny (W E o o
AR R, B B o 8 3 5 4 AT LR AL i i

g5 AR RN 43 J AT 55 . ST B2 K/EE 64~512
Z B A1 0, B AR B R B R /N Can 256 N 512) B L2 5 4
W BE AR e AT S FAR A O . B Z K/Nh 64
of 128 W PERE R M. B T2 IR EHMN 1 X 1077 #]
1X10 7,1X10 ° W2 R R R EEE, LHEN TS
SPRAESRM S . AR, & ST R 2 T RS R EE
B P RE T R

RS TESHEETHERE

Table 5 Accuracy under different parameter configurations

12 s 60 s
Dropout RNN 2% T B )2 K/ R ; O ; S
Detection  Classification  Detection Classification
0.3 0.871 0. 807 0.874 0. 802
0.4 0. 849 0. 807 0. 868 0.791
2 2 64 1X10"
0.5 0. 866 0. 826 0.873 0.797
0.6 0. 860 0. 804 0. 865 0.798
2 0. 866 0. 826 0. 873 0. 797
4 0. 862 0.717 0. 857 0.791
0.3 2 64 1x10"
8 0. 869 0. 755 0. 874 0. 816
16 0. 854 0.704 0. 868 0. 784
2 0. 869 0. 755 0.874 0. 816
3 0. 877 0.791 0. 884 0. 787
0.3 8 64 1x10*
4 0.871 0. 804 0. 884 0. 802
5 0. 875 0.798 0.873 0.778
64 0. 877 0.791 0. 884 0. 787
128 0. 883 0. 802 0. 879 0. 789
0.3 8 4 1X10"
256 0. 883 0.793 0. 879 0.791
512 0. 886 0.756 0. 880 0. 780
1X10 * 0. 879 0.754 0. 896 0.744
1X10° 0.915 0. 807 0.903 0. 784
0.3 8 4 256
1X10" 0. 883 0.793 0.879 0. 789
1X10°° 0. 804 0. 796 0. 836 0.767
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Fig. 7 Model accuracy under different loss functions
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