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Abstract: Epilepsy is one of the most common life-threatening neurological diseases. Epileptic EEG signals are complex
and diverse, and manually scanning long-time EEG signals is commonly time consuming, error prone with low
consistency between physicians, while the raw clinical EEG data involving noise and artifacts reduce the performance.
Thus, it is important to develop a reliable, effective and stable automatic seizure detection technology based on EEG
signals, to reduce physicians’ burden, Here, using the raw clinical EEG data from Chinese 301 Hospital, we
introduced a novel one-dimensional convolutional neural network with a successive double-convolutional structure, to
achieve high performance on seizure detection, with the sensitivity, specificity, accuracy and Fl-score reaching 96. 8% ,
99.8%, 99.6% and 96.1%, and only using a third or half GPU time for training. The results show that the
introduced neural network model based on one-dimensional convolutional neural network is superior to the existing
methods, and achieves reliability, efficiency and stability on seizure detection, which is of great significance to the
auxiliary diagnosis ol epilepsy.
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B FEM 7 5 I 5 R AN [ B A 2 ) ) B —
BB BT A B TIT R — A v ACHE i U & 1F R
0 S o 0 Jid P A - R AT B SR

g N A S U W R T T S R R AN
WRRW ., WKW EERE TSP HEL Y. &
R IR A5 S AT ek N BB O A DA R RS U R
(discrete wavelet transform, DWT) il i 22 /]y I A5 #
(continuous wavelet transform, CWT) , Subasi 251" #£ R
T B9 A 0 5 3% o RS 4 F) DWT A/ 3 R B (wavelet
coefficient set) #EFFFAL B , Andrzejak ZEH CWT 5
ERFEISEE N A B R R, ERESE NN
J5 ¥k v R S R AR T R R R B R A I Y
IE AR5 FHML 28 25 S SRk s AT U S . SRR /N A0 BT Y
B B R W R R AR S R E S B K. H T
AL N Y B AE FE RS BEOR R R BUE B 1 AR AR AR X
AR T A R A I, X 1 A5 A% G0 4 25 U7 R I HE T R 2
B, AR SR KRR SR B IR B R 4 R 4% RE AR 41 1Y
F) P B P B A AR B EAT STl Tl T R AE B
HANERERRALT,

TR B2 ) B & U BT T B il 5 U BN 12 BT A
AR5 L 22 IR) A 45 4T, IR R S M 4% (deep belief
network, DBN) | 3§ J& # 22 ® 4% (deep neural network,
DNN) B M M %% (recurrent neural network, RNN) .
WE A4S+ (deep autoencoder, DA) Fl4sFH 14 25 W) 45
(convolutional neural network, CNN) & — b A HEF
SRR e N EE LR A R, o B R 2 ) 45 L HE B
H 4t e (stacked autoencoder, SAE) 45 ¥ & o > B & ]
DL 52 B o 08 T 22 2 R AE RN NI AUER T i
FESR BT, © #0IE W42 B Ay R AR T8 fdt 4, W] DAL S B TE 4
G

A B[] J7 50 15 R fg A 280 o, AT D222 R DU A A 2 1)
2 SN G T TR A L YIS AR b 14 B A5 SR AR T RE
JBAR 3 T 5 o R AT 1 SRR A S CNIN AT A et
(IR A YN TN T LB R U S P i R Y T A
R 1 Jr 6 AT EE AR B S 4r A RN AR AL, TR 2 I £t
I} 1 3 2 S99 SRR AL AT AR Sk 1D-CNIN A5 Y o 22 9k
13 FHAE A P EEG {5 5 4 #A) TAE R, Jana 20 i FH — 4
HEM M E MR Y /KA KB (one-dimensional
convolutional neural network Hidden Markov model, 1D-
CNN-HMM) X A i b R 35 19 EEG {5 5 i 2y 01 4 225
Mathe 207 58 3 fifi F 42 B0 EEG {5 5 B9 57 1% 1] 45 1F 5 17
CNN #2 1] 2%, M T 52 B0WUR & 7 59 48 W 4% 45 5 Ullah
SFUSR A B R 1D-CNN MG A 15 5 v £ BR 5 55 Yan
e i B R W R i AR Y A R T
RS H ARz iEe ). Bk 1ID-CNN KA A
EEG {548 )51 B H i KRS T, B 4 . B FE IR Ih 1Y
I R b 43 3R A5 1 U M L 15 5 Th R B IS RE R I S i

+ 100 -

T A I BE 7 5 LB 15 RE A 45 N HE 2 A 5 R AS Gk 2k
WM R, ARALS5 . BATIIAT — D — 4G B £ K
ZAE R BT A e 3 2 Y SUR B LA I E i T
WS IENA R AL, 220 S50 %) L A R R B g R
R AN S L IF EL YN ZRIn () 8 K B A TR 4

1 HIENSA

C301 Ffr sk A b 301 B Be, LA 19 44 2k M A4
T . G B I VS S T Sk K
19 A 8 AR IE R R FEBIER f O 256 Hz, #3210E 1
BHRARICBME 1P, ol LR B, A R 238 3 1 0
RAEFMBmREZA 53 WD RA 1 W, LAFFF et ) 5
i 732 o XT3 1 Ok UL 0 A AR IR 1] 18 R R
il ZAERE LB 2ILA . AP R C301 $dk
e T AR AN AR A2 AT B A3 2 26X T BB A
6 B AU 25 fe A S A L Bk AR

1 C01 HBEHEEREIT

. W R AVEF A W R AE TG 7
(T i = T ) a5 KAERTIE] /s
1 26 (7.4~84.4) 211. 4 900. 3
2 53 (2.0~21.8) 69. 6 1250.8
3 20 (12.1~45.3) 120. 4 1 009. 2
4 16 (1. 6~45.3) 13.9 467.9
5 10 (1.6~8.3) 11.3 399.5
6 6 (5.1~14. 1D 13.8 812.7
7 1(7.8~7.8) 1.9 598. 8
8 12 (3.5~8.6) 19.5 733.3
9 5(3.1~18.6) 9.1 1246.2
10 17 (1.2~12.5) 29.0 633.7
11 10 (2.3~11.3) 20.0 449. 4
12 8 (2.0~7.2) 10. 6 286. 7
13 6 (2.7~9.4) 7.2 890. 7
14 16 (2.3~42.1) 32.4 976. 8
15 20 (2.3~13.7) 29.8 517.7
16 20 (2.3~11.7) 21.0 1198.7
17 12 (2.0~15.6) 11.0 1254.6
18 8(1.6~7.4) 7.9 377.8
19 12(8.6~22.5) 48.3 713.9
Je¥iil 258 686. 9 14 721. 4
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2.1 BIEWALE

TE C301 Foade b, AUEFE R — A 19 4> i Al iE
R — AN IE AR I E AR . SRR EEG i KA
4s K0 2 s BT AT I B RIEEA L 19 N A B 3™
B30 813 MREALEE ¢« DMREABHRIE N v, Hh vy, =10
B AR B FEAS 3L 1350 4>, v, = 0 ARG & 1 9 #f
A%, 329 364 A, xR — AN AT 7 0 3 A EL IR 4
VIR FR 4 , 2 91 64T EEG 55 Rl . 1= et %T
TEREEYYI G5 A &5 A7 T 48 19 15 8L A SO 36 Uk 4R 5 2
AERUIE S

B ST R A 8 AT A I 1 2 UL A R A Ak R
TR He BB By R B, SRR AR S B AR 2R R

EREL BRR2 bt A=

B A A R DL R 2 1% o T A AT X 4 AR
AR FT AL FEAT IO S AR A I L L PR A T 1 I 5 A
AR PR R P DT T PP Al A AL G BE T

2.2 —#ERHBEME

& R B 45 R IR T X R A BB B R BT 5T
Lecun™ * S5 7E 1989 4F 15 YR & H 45 BRI 28 W 4% , Bl 155
MLIHERE 0 19 B 1 B AT 75 SR B fm . CNN B2 2 0) LATE
LR RMES TSR .

TZIR?K&‘%* i J1§ 1D-CNN >k 4b #LI [R] J$ 51 49 EEG
Fo ERGHEMAR . —RERE, RN 2
%Eéﬂﬁko WP 2 T (R B 0 2% 2 4 43 e S )2
R T B9 A B2 A o i 4 A ) — A it A = A 8RR AR Y P
Kb 1 d 5 0 i A BB AT 247 3tk Ak 55 18 DU 4k AR 2
{75 0 4% BE A 7 E HOWR B

BHR3 BRZE4

T me e e e s e W B e S S R S S M S e MR G e B s S s S S e R G S S ss e s o

1x1024 1x1 024x<100
D47 TFHisik+ Dropout (0.3) +HEEARAELL

IXl 024x100 1x341>100

1%341x160

1%341x160 160

Bl 2 1D-CNN ¥ /45 45 ¥ B

7E 1D-CNN s 5 U2 3 B TR 5 R
EFR, BE—-NMESRERBINA ¢ 2E—-NMES 2.,
HAFBMZEWEN o, M5 - FATERZ : WEIMES v, 8
HJB'JL?JJ{EQEE/JTA‘M*FIU\HJHT?'JLJEfnuﬂfJéjJD AT
cwx PR IE P A% (filter) 8% % 2 4% (convolution
BiEEHKER K, EA—MME5 55z,

Wiz s**

kernel) ,
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y= f(w*x+b) (2>

H, « RARBRBHE, b hE M &, 78X 5k
W F R RN R E S A M . — Bl oL T IR Ay
MK EKZDFRFEEFH o WKE. W, 87T HE5
2 BA LR B 6 ) B8 H S AMIE R f (), H
e 22X G205 T e R w5, — R A TE
28 VE P JC (rectified linear unit, RelLu) /£ 7 — 4k CNN

AR JE 0 R R X 9 2% HE AT B SR AR I8 IR AR 1 4
B> CNN R ZI GRS 8. MESRIZR
AR R E W HAR S 51 B G. Bk, @ % 7E
BB R RN LR AT T REE, Wik —MBF 2 fh,
P34 {8 3t A e R WA, 5

CP' = mazxr {a'(m)},s =1,2,- M (3
(s DL4+1<m<sL

C*' = avg H{a'Gm)},s =1,2,,M (4)
9

K, CF BRWALENRE s 4L K; L
H—LHE AR ai(m) B LB ) MR E
Fm SHEIT.

A% B2 A AT L S R AR B0 — MR RRAE B A
AR SE S TIRE . 2SR X i H softmax,

XA P 1 T A 2o YR TP R B AT Uik
B8 B IR E M RS R B T FR AT X A & AE
R TN GEE  IF i B4 K 4 3 A ) F B 6 A A e
[E]iC 12 B 2% (long and short-term memory network,
LSTMD Fe H 4 e B 4 4 g Xof Lo 4% B [7] B 5 4b B C301 %4
P o LLIE SR PP AN [RI R B AE S 2% 22 0 B B8040 v S 7R s B A
2 gt — e
2.3 KERBEIZIZME

LSTM- & — i HL A iC 12 3 68 59 118 3F #h 2 R 4%
(RNND B, W] DL B 5 3048 1547 KG B0 9 B4, i T 4
BHAT A 5 B AR H &, LSTM A B iniE 3 fis,
ASCEETFH LSTM M 45 M 64 A~ X B 5T, 84 50T
B3 M TS MM A % AT i, (input gate), %7 o,

(output gate) flig &[] f, (forget gate)™7,

h

K3 B4 LSTM W 4 454 &
He AT EEE B FA LSTM H,
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i, =ocW.[h_i,x,]+b) &)
AW, BEAT SWACEME; b S — 12805
b, BARMAINME:; o ERAMERE. XEEH
Sigmoid ¥TH EE F 1AL EET .

o, =cW,[h_i,x,]+b,) (6)

Hr, w, Fonk il AR &5 =, e i 20 A 2
LSTM il A B b, ¥l HmE .

BT I by S A B A BRIBC, T X 2 R 2] i BT

AP

fi=oW:lh_,x,1+bs) N

W, T ACE M & b, ABETRE; ¢, flc,
SRR MRS R R R &, A, Rl g TR
AXIWF

¢, = tanh(W_[h, _,,x,]+b.) (8)

c, = f:©®c, +1i,0c, 9

h, = o,Otanh(c,) (10)

H, OF/RMITR WFEMA,

AR EAREE LT SCE R R X R ) 212
W& (Bi-LSTM)™ 4 b F 30k A Bi-LSTM., 43 5l th 14 iy

W 0 5 R U 9045 A 0 B B R TS
F By K5 T IR S BT IR AL 0 SCH G

h,, = Contat(}_z‘m,;z_l ) (1D

AR SCH 1 F LSTM Al Bi-LSTM A Sk f He 8 784 3k 43 31
K C301 ¥ &9 19 L7 BR 7% B & B9 EEG (55, W 7E
NIRRT (R BAT . F A, A T A4 7 T A A 8
YRR K 2. 4 WHRERIIRIEN S,
2.4 EfHIER

FEARK TAE D, fifi e 5 M (SPE) , B B K (REC) , #E
5% (ACC) Fl Fl-score(F1) 3/ g M B (M F5 . 31X
S {3 o) TR R I R A R AT B R RO AR B ) R R
A0 R E B K TS ERIR &V R R AR Sk R ], Forh TP %R
LSRG V0 AN TR A 1E 491, PN 8718 2 528 80 Sy 1E 491 771 T3
WA B, FP AR 3% BT 90 15 3 2 B g 190000 > 1E 481, TN )
AR 2% FLSL AT A Ry KA 5 R VRN 36 A B9 T A AT

TN
TP
- TP+ TN
ACC = TN+ FP+ TP |+ FN (14

Fl-score 75 2Ll 13 71 B4 & (PRE) fl 4 5% # (SPE) 15
#|,PRE # F1 Mt AR aF .
TP

PRE x REC
F1 = 2% SRE+REC (16>
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AR AT LR B ILE 50 YNGR TT, #E4b 37 K/
g 20, Y rad R rp ik B A R 2 W A5, RO T
— YK, FRBCIE T 2T A A5 A Ay B AR AR T, AN T R BT I
PR B YNGR

TEIRIS A, BB 3 AW 48 1E S YNGR AL C301 # i
AT I, 4 2 1D-CNN, LSTM #l Bi-LSTM, 45 4~ ¥ £
HBHEAT MR U Rk Bt AL B, C301 BB I &H 19 fu

TR EEG $¥ls  3F 19 A0 A @38 1 #8473 %7 AL 2,
REURRE BB 4 s KRR JF HAE BURE B i A2
ST R 1 HR A A A 4 6 B R 4 Dy S SR 1Y 8 B A Ol
AOREARGFRAMG WL RIME 2 fiw. #EFEMN 1D
CNN, LSTM #l Bi-LSTM J3 5l % Je b A7 Y 2k, 15 5 £ 4
I GRB AR 78 19 S0 A B REAS L T, B2 49 o LU 2 E 491
B A~137 {5 A %5, IE BIAC I AE A, Sz 40 % A TR
REA HE AR 1K B2 2R B i R B R A eI A
BL /(1 A

F2 ZWAERMEREI AT CI01 HIBER 19 MR ARE 1 PEEBENRNESR
FEAR LA 1D-CNN LSTM Bi-LSTM
il (B, EfF)D ACC PRE REC SPE Fl-score ACC PRE REC SPE Fl-score ACC PRE REC SPE Fl-score

Patientl (1 797, 423) 0.992 0.969 0.992 0.992 0.980 0.964 0.893 0.921 0.974 0.907 0.963 0.892 0.913 0.974 0.903
Patient2 (2 500, 138) 0.993 0.911 0.976 0.995 0.942 0.988 0.867 0.929 0.992 0.896 0.992 0.95 0.905 0.997 0.927
Patient3 (2 017, 239) 0.995 0.96 1 0.995 0.979 0.979 0.892 0.917 0.987 0.904 0.988 0.944 0.944 0.993 0.944
Patientd (934, 26) 1 1 1 1 1 0.969 0.4 0.25 0.989 0.308 0.972 NaN 0 1 NaN
Patient5 (798, 21) 1 1 1 1 1 0.988 1 0.571 1 0.727 0.976 1 0.142 1 0.25
Patient6 (1 621, 26) 0.993 0.778 0.875 0.996 0.823 0.988 0.75 0.375 0.998 0.5 0. 990 1 0.375 0. 515
Patient7 (1 198, 1) — — — — — — — — — — — — — — —
Patient8 (1 465, 38) 0.997 1 0.917 1 0.956 0.982 0.7 0.583 0.993 0.636 0.984 1 0.417 1 0.588
Patient9 (2 491, 17) 0.998 1 0. 833 1 0.909 0.993 0.667 0.333 0.999 0.444 0.997 1 0. 667 1 0.8
Patient10 (1 266, 57) 0.997 1 0. 944 1 0.971 0.980 0.778 0.778 0.989 0.778 0.997 1 0. 944 1 0.971
Patientll (897, 39) 0.996 0.923 1 0.996 0.96 0.979 0.667 1 0.977 0.8 1 1 1 1 1
Patient12 (527, 20)  0.989 1 0. 667 1 0.8 0.961 0.333 0.167 0.988 0.222 0.955 0.25 0.166 0.982 0.2
Paticnt13 (1 780, 13) 1 1 1 1 1 0.998 0.8 1 0.998 0.889 0.992 NaN 0 1 NaN
Paticntl4 (1 952, 63) 0.998 1 0. 947 1 0.973 0.985 0.778 0.737 0.993 0.757 0.995 1 0.842 1 0.914
Patientl5 (1 034, 58) 0.994 0.944 0.944 0.997 0.944 0.973 0.696 0.889 0.977 0.780 0.967 1 0. 389 1 0. 56
Patientl6 (2 396, 41) 0.998 1 0.923 1 0.96 0.986 0.667 0.461 0.996 0.545 0.990 0.75 0.692 0.996 0.72
Patientl7 (2 508, 21) 1 1 1 1 1 0.989 0.4 0.285 0.996 0.333 0.997 1 0.714 1 0. 833
Patientl8 (754, 14) 1 1 1 1 1 0.983 0.6 0.6 0.991 0.6 0.987 0.75 0.6 0.996 0.667
Patient19 (1 426, 95) 0.993 1 0. 896 1 0.945 0.972 0.735 0.862 0.979 0.794 0.982 0.839 0.897 0.988 0.867

ID-CNN %t 19 fi2 5% A ACC #5978 99% L k., F 1y
ACC %7 99. 66% ,LSTM H1 Bi- LSTM [3E3# ACC 435K
98. 1% F0 98. 4%, TEXF IE WA % b, PRE ¥£ 1D-CNN
MR TN 6 R 77. 7%, BT 90% L |, LSTM
K TFRA 412178 TF 50%, HIFA R AR TRA 5 1Y
SP-355 PRE & 74. 92% , Bi-LSTM [1§ PRE 43 4 #5 A ¥ 48 , ¢
ZHh 100% , FRHA 75,25 %%, 0l LLE I, 7E B0 h
PR FFE B . 1D-CNN 5 7 (19 B 52 5 b B0 (GE 71D 16
W HAeE . R, REC W2 5 7 5052 61 o 300 S iE 41
BAE R, 2 BB 5 AR H O R R B B AR . — AR GE T
M, = A4S B BE B REC 4 W 93.97%, 64.77%,
58.93% . & T Ph REC fil PRE [FAd =4 i3 , A 138
IR FLE#ATHIR, 3 MR AT T3 FLE 5 5 R
95.26% ,65. 68 % 1 64. 94% , I HHEF 7 3 LLF IR A,
LSTM #1 B-LSTM Il Zr 45 R W W Am K . 72 4] SPE i
Rl 24 i, 3 A~ B AL T 19 8 A A T &5 R ¥

97% L E. BRIz AN, FE ID-CNN BRI A2 T R A 4.9
A SN 130 17 FiG A 18 B FTA PR HEFR R 100%,

TR BB - 1) ZE R A AR5 T AR
BUL R —A BB, Tovk #EAT I 2R 46 L3 56 /9 R 45, BT LA
TR 2 AR HEAT BERE O A U1 2R A 5 2) 38 2 ) PRE H 31
T NaN {H, Tl REC J2& 0 {f . R B RLYG BT R B9 455 il A5 A0 )
BT AR OB .

R T GAE B — A R AR S R R
RN 157 B & RO & R B TR D TR R i B 2
BE K 19 A7 08 NI BT REAFT RL T 438 R B 1 I 25
[B) B, A5 0 115 2 B0 AT AT B 3, 43 3 6 CPU Fn GPU
Y5 3 47 % B, 35 87 A B-LSTM + AM™! (attention
mechanism, AM) il SAE (stacked autoencoder, SAE) £
A, YNGR RmME 3 P, C301 M A EBIFEAA 1 350
A, RBIREART 29 364 4>, IR ACC #1 SPE #3415 2|
T A, 4y I FE 9826 1 99% DL L, 1D-CNN )
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PRE #1 REC [t LSTM.Bi-LSTM,Bi-LSTM+ AM #1 SAE
B4 {H 7 6. 20 %A1 15.45%, F1 & 11.06% . 35 47 B Ja]

BT . CPU J& GPU ) 5~14 4%, 3 H#% GPU F,3 4
X AR AL 2 2 1D-CNN /) 3 fi%.

£33 ONFEMERI CI01 EHAEIE(19 MRANEREHTEL HANER

C301 (Bl =29 364, IEH=1 350)

147 8]/ min

BH ACC PRE REC SPE Fl-score CPU GPU
LSTM 0.990 0. 910 0. 864 0. 996 0. 887 1380. 3 109. 6
Bi-LSTM 0. 985 0.853 0. 806 0.993 0. 829 8§11.05 106. 66
BirLSTM+AM 0. 987 0.914 0.772 0. 997 0. 837 1711. 6 115.11
SAE(RBM) 0.985 6 0.943 5 0.889 2 0.993 2 0.901 2 — —
1D-CNN 0.996 0. 955 0.968 0. 998 0. 961 202.6 35.12

Z5 ERTIR 19 AW B K 89 EEG AT 3 v, 45 SC AT
1 1D-CNN BEHESAE S X BT 6 A W B A L B T
WA 6 FUR A 12 LASh B8 A R AF A I 45 2R, OF HLAE T
ARG AW T R B . [, ID-CNN AT
FAAIAL (2 47 0 ) B

[l C301 %5415 7 SRR [ 20 ] o 3 o 168 B8 /N i 7 4
ZB ) S 1 R ME 22 (mean-standard deviation of wavelet
transform coefficient, MS-WTC) 5 CNN 558 7. B
BRI RF RN R ., K 4 PR, AR B 1ID-CNN
WAL B A A AR X B i — 26T 1D-CNN H &
T B AR R AE 4R B LU e

F4 FHEBZ C301 HUEPHRNLE EX

AL ACC REC SPE
MS-WTC+CNN 0.947 0. 934 0. 960
1D-CNN 0. 996 0. 968 0. 998

4 & it

ASCRT — R8RS BE IS N B R N — 4E
TR 25 1) 45 A6 g o 2 AF B A 0 A2 78 %of o [ 301 B2 B Y
SR A AT RS DU, B 6 = A, AT R B A T LSTM, Bi-
LSTM # Bi-LSTM -+ AM 254 Il 45 (1 % AR B

ID-CNN SRR 1 88 BUR 3547 4 AL, ) LA ) I
FREBE S MR LT SO BT AR R F AL B, OF
LR IETE JR) B 4 1 5 R oL B R X 7315 5 R 68 fR
REI 3 550 2 [R] (¥ AH S A L 70 000 2% 1R DI 5 b % 45 4 T () AR
. WE R FRAYM S, ID-CNN #8590 25 #2 vl LA
T BEAT N BB U R AR AR SR . [, 5 EA 4k
EFH 89 LSTM BRI %F Lt T, ID-CNN #4615k SR F &
RGTTEE BB AT, R IAT B 9 RO d Sk MR
Z AN Fl-score 4% HI AT Lk 35 F 96.8%.99. 8% 99. 6% 1
96. 1% ,3F HAEM A GPU MYNZRT 32 47 Bk 18] L I Ay 48 7Y
2 #l36E,

A SCAR H 14 0 2 AN LA B PR ARG D AR L IR 4 i A
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R B8 A A2 ELA S R B AY A B0 A T R B
R BATT S 3 — P BT ST AI T AR

B

SRR B 301 = e 4 A A B L LA RO R LR 2 B
T VG g S N 20 4 1 3 T 5 D BB 38 R AR Wi R B
I ERMAMITE.
5%
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