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EEG-Based Automatic Epilepsy Detection: Overview and Outlook
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Abstract
of brain neurons. It is also one of the most common neurological diseases in the world. EEG-based automatic epilepsy

Epilepsy is a chronic non-communicable disease caused by the abnormal supersynchronous electrical activity

detection can relieve the burden of medical professions, and may also improve the detection accuracy. This paper first
introduces the flowchart of EEG-based automatic epilepsy detection, and then describes typical feature extraction and
classification approaches in detail. Finally, future research directions are pointed out.
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Fig. 1 Flowchart of EEG-based automatic epilepsy detection.
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Table. 1 Popular epilepsy datasets.
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Table. 2 Summary of features used in automatic seizure detection.
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Fig. 2 EEG PSD for automatic seizure detection (Bonn
dataset!®)).
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Fig. 3 Wavelet transforms for automatic seizure detection
(Bonn dataset(%%).
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TR P F o B N AR 2 R] B0 FH DG R A, SEBILIR R A
M. Huan 2547055 — RE R Es# CWD 1
AR Z= AR 5 RE LLT, SEIR 89.5% Mk / SRS HY
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Table. 3 Summary of automatic seizure detection methods.

= Hm e RFIE R R
Guo Z(131] Bonn ApEn ANN Acc: 98.27 %
Liang 244 Bonn ApEn. FUSERE LDA. SVM. ANN Acc: 97.82-98.51%
Samiee %1% Bonn B SR A NB. LR. SVM, Kjf4F. ANN Acc: 98.3%
Zhang 2132 Bonn FZRAT) Fr 7Ny AR SVM Acc: 98.33%
Yan 21133 Bonn SAE SVM Acc: 100.0%
Ahmed 2199 KAFHE W . AR MEASE SVM. RBF-SVM Sen: 82.6%, Spec: 90%
Acharya %15 Bonn DCNN DCNN Acc: 88.67%
Qiu ZE134 Bonn DSAE LR Acc: 100.0%
Yuan %135 CHB-MIT SAE PSVM Acc: 96.61%
Ahmedt 202 QUT, MAEUnit CNN SVM Acc: 95.19%
Hussein 2£[137] Bonn A, A, A Softmax Acc: 100.0%
Roy Z£1138] Bonn CNN, RNN LR. MLP Acc: 82.04%
Thomas 2139 MGH CNN SVM Acc: 83.86%
Daoud % 140] Bonn ARLEMEAR1E DCNN, MLP Acc: 98.6%
Hu %089 CHB-MIT MAS+CNN SVM Acc: 86.25%
Jaafar 2141 Freiburg LSTM Softmax Acc: 97.75%
Chen %[142] Bonn DWT+IELRPHEAFE SVM Acc: 99.5%
Tian 261 CHB-MIT W, k. B NB. DT. SVM. KifE4h. TSK-FS Acc: 98.33%
Cao 21431 CHB-MIT CNN SVM. KNN. ELM. KELM. RF Acc: 99.33%
Zhang 2144 TUH CNN RF. KNN. SVM Acc: 97.4%

#. Yadavl'"T R A% 43 #7 (Morphology Anal-
ysis), GEiHoRUERIARIIRUE [H RG], 555 BR{EXT
R LU S BUBRB A, A 2R IR0 0.1/, ~F
PIBFAE 9.1s.

GE ik o M B HEAT 70 RIS, AR F P I A A T
SRS B TREASCEL. HokBae T 10 A5
AR L WAL 2 ik B oS 5 LU AR (S 5,
i EEG {55 MAZ R 83 H AR, R
AR (I8 2 BR 2. & SRAEAE AL 2 SE b
B, IX A To T A BARR AL 2 18] £ & R 28 AL i
(RIRPERFAE, AR (O HER 1 52 IR

3.2 fRGEHNFFES

W AR LA IR B AL HE SCHF R &L (Sup-
port vector machine, SVM)B7:53,108,109] - 2 ¥ 5
43 #7 (Linear discriminant analysis, LDA)BY, #k
Z LM (Naive Bayes, NB)PO, #4569 (Lo-
gistic regression, LR). FHLAM (Random forest,
RF)P4%E, Li ZL1O0R) F 3 e 25 15 8 #9284 9
FEMEA T AR MR, FEEH ANOVA 4%
Hurst 2%, BOWIRS 5675 8 0 KRARAE, KA SVM
BT 42 Reddy MR Q BT/
e I A /Ny B RO A OG R, JFRA REFL LR,

% J2 BN ML SRR AT U 5 5 1R ). Jaiswal A
Bankal>2$2 H 1 J& #0f BEAS A e R HE SR BT 1%,
FHRH K IE4AR. SVM., W 557 27 53 AT
Jori o

e LAs 2 IR LA AE TR B 6
i TAEREPESR, (HFF EE TN D0 i AE AL
A RRINA RN, BT RER, R
JERFEAS Ty Bl I Z2 A FR Y, DR A 2R vt 1 52 PR it
Ak, RIS B BURFAE I FERE R i K, SEFRI
SRR RS2 R ).
3.3 REE3

BE A& R B ST IR R BUR, 1B RS
AR IR R, IR FE AR N 2% (Deep neural net-
work, DNN) 5 8 78 57 i H 286 90 vt 128 47 75 31 7
FH . SRR BERFAE T 9 oot F TARRAE A, HL7EAL
P 22 30 18 HE N A TR G B W R

AT EEG IR B2 ST B sh Rl 77
FAFE 335 (1) BRMAEM A (Convolutional
neural network, CNN); (2) ¥4 M 2457 (Re-
current neural network, RNN); (3) [ 4 it #5 1 74
(Autoencoders, AE).

CNN A5 Y 18 3o b A F 6 R B2 B A N 25080 1)
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FRAE. AR 4 A5 A iy N s 19 4 P2 %04y - 1D-CNN
A1 2D-CNN Py L. Hor 2D-CNN — ks 7 46
EEG 15 5 1@ i iy 30 A8 6 55 07 S ek 2 24 B BE
S I A A CNN scHUE R B sh & . #ltn, Aveu
A2 1 ) seizureNet 38 i B b 25 ks J5 4515
5 2 A8 1 A0 R AR 2 2 ST SEBIUIR [ B A
M. CovertZ MBI H i ] B 2% B30 S 4h EEG
BT A R (] R 5 FRANTE Z B0 CNN K
2% SO [ BhAe . Li MY E RS S 2
JRPEWS. PSRRI, K R 48- Ui 4% (Squeeze-and-
Excitation Networks, SENet) #k A CNN fY 5i
LA BRI, E 5 AR SR W R A A
r I B S5 v, A AR T AR R ) v A 2R R AU
Thodoroff 2150 546G EEG 55 ) F P (3 Bt
AR AR R AL B 2 dERERE & BT = IR
SRR, 19 2 0071 BBUE R R G P G R 22 ) 2%
(Recurrent CNN, RCNN) sz#l {2060, 3815 17 1%
o 1 BB M R 1Y) 1 4 %6, Bizopoulos 257
LeNet. AlexNet. VGGNet. ResNet. DenseNet
FE A AL 7Y ) B A1) EEG 15 5 3H 47 W0W 3 3)
], 1D-CNN & & 4 EEG 5 ST b2, A
AAXTT 2D-CNN 5 B W 25 254, HEE/Nris
HEARMY. AR, B JRiG EEG 5 5840 N R 4G
Al RE R IR B AR, ik 1D-CNN fefg 5K
FEFE A B A5 B 8 WS R 5 4R M5 51k IR
i 6] 7 U153 fa h— 4 U AN CNN 4.

Bl X6 5 A0, A0 A0 S B B ) AR A PR B4, R
TREE 22 IR RNN, PLKAERE1Z (Long-Short
term memory, LSTM) 5[ 14/ .70 (Gated re-
current unit, GRU) &5#y 3. LSTM fik | 14
272 > 22 T IR TR) 565 224 N 1) 504 A5 2 R s e, R I )
AR IR B0 2 (47 19 JE. Chen Z50531 R ] 3 |2 LSTM
WA 4% HEAT HR AL FR B 38 i sigmoid B8 #0928, 15 3
96.82% MIERI %R . GRU J& LSTM fJAR4A, K LSTM
AN T TR S T A HOA TR, BRK T LSTM
MR E 24 . Roy 2574t 7 5 2 GRU M %%
ChronoNet, ifiid softmax b %1 5r25753] 92.84% [
IEff%.

AE J&— Mol B FE 2 2] 454, 1@ Xy 5 a6 4
PERI R4 R NI 5. AR -5 Jnit 25 MRS 2%
PN S DB o vobe e 2 PR N EHs P4, 531
555 NBUE T R B2 R . Bk JZ 3R 7 HOBd
T A S UK R AR 4 B, AT S IR 5 AR Fa N
# . Sharathappriyaa 2511819 4648 Ff Harmonic
WA, B A E S AT R IR DO AE
HEATHI 12 7. Rajaguru ZEMOVRI £ 2 4 4 il %
A EE B KAk 28 B3 73 W 7 ¥2 6 5 i N B0 () =8
For, FA B AL RS, S 93.78% i A

INRTES

BT A GELAR 2 I, IR 5 S R ] 27
AT TR BERFE B, BLLIR T e &
TPRRCR. RIS, R IR G TR G R Ry
TESRHCS 43 8P 2, LRI ZREHE 0% (1 0 B R X
LA I ROR, HATER I (). ST, SR
AEREE B B, SR S NS Hod il &
MR Z A PERE ).
34 IBEI

IR B SR AR A R N SR EdiE S
A B A MR EIRRE S/ Rk, (H EEG 5
AR ZE 3, PR R DS A )1 25k
B AR A AN I AR ST 7 20 A B e, BRI Ik e A A 22
S [R) 36 FH0IE B B A R 2 B A SE PR B IT R
>J V200 12 1] P AH S 3 PR e sl R 4 4, e Bk
I H BRI A ST LA S ST B AL XS T A
FGU E SRS AT T I SR TR A B i A S s )
AR T RE K B T A A AN, A4S 5 1 0 A 57
FERK I 2 7, HNZRE s 552 R, BRI nl @it i #%
2 SRR B S IR ) S A DU A (137 1 1 B R T
R W AT A SO DL S LA A R R 1T RS
2] R E R

BT T TIRBUERE, Yang 200 $2 W R AR AE
2% 8] P K (] b BLHE G #2221 1) LMPROJ J5 i
M ZREE 5 B bR Bl F THE AR 2 7] 1 4>
m¥E 2, L EEG 55 BERM IR, 7 KHEhE
Hk 93%, WEM TGN, Jiang 1250
D i R0 1 25 B8 1) A R I M 22 Sl ) TSK
B RE A ) 5 iE EEG {5 5 @i /N A
e, STET FlH% 3 B oy 70 G645 B I F TARHE AT
a2, R IER R A L TR Re 2 2B RiEfe Tt

REZ IR WG, AT IRE TR
23], Zhang 20 %f VGG16. VGG19 Fl ResNet50
=M CNN W& ZHH710%, 45 EEG F5
T S B A o e e R BN A, 7R S P B E B
AW S 56 o S 35 R L 96%. Zhu 1225 N
EFe2E 2] R es 2] (Meta learning), 7ERE7Y 2 1H]
b aE I e 2 3 R O A6 p A Y e i D A A PR
22, [RI N o BE B R R s 5, AR I 4 T 2R 1)
Feip S BT 2148, AW S B AR E 42K,
3.5 ZMEES

2400 P2 o] 128 0 Pl — St A EL AN E U, R
I 2 A AN [RI WL 1 22 ) ) 22 S PEMARLABAE, i v A AR
PRAERE. BT EREDFIGR. 25 SR
T B) A ST AR, P [E I it AN [F) A AT
RN, RN —BE; 25l A
(7] K A AZ I R B S IR BUAS R AL I, IR I
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T 3E I SR AT 2 A A 357 23 1), e B0 — 3K
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FESGE E BRI P, Tian ZE6URF CNN A
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RN =L, i Z L TSK B R T2
PR 2 2], ST 7 AR T e — PR T g 20 AR U AR
Yuan 202450 5o 3@ AR, FIH AE #E £
18 EEG {55 (118 18 ¢ AF A1 IE 18 P 0 B A0RR AE P 25
MEEE, SEBL 2 A0 B0 B sh AR . Liu 2020
JUBUBRBL R AT @ TE B, PR IR R ) e A
B U IR A 44 B 2 IR R AR, JE e A SR
B) B 52 0 PR B IBUE AR 38 R AE, FFF B KR
) 22 e 1 O i 2 2 DU 38 ) I BRI, ST 2 A0
P (R B
3.6 HEWES

LR IR 2 AR KA (590K £ E
B g R A DAIR W 2y R, & A5 Bagging.
Boosting #1 Stacking = fh 2% =] 5% 1%126 . Bagging
BE ML S AR I ZREE 1 23 A 1T P2 A 2 AN R4, R
W2 AN ] A AT K. Boosting 75522 2]
A HHEAL b, 3R B — R R A R AU RE A AL E
FUNGOFBAY, A RGRY: 2] 4%, Stacking B4t
WERZAAF LS ) 48, A H A A AR A
Gr— BT oy B SRS S R ME R G o] [ B
P A 2 ) AR HER A 2 A k.

FEF IR E BRI o, Hosseini 12734 F T42
W AEEAT T a3 ki 2, FEfE A 2L T Bagging
() B B2 2 A A S BV R H B AL . Abualsaud
202853 5o i 45 R R gh EEG (5 ST EM,
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RAEM 2. Akyol M2 1 2 4~ DNN J 22> 884y
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IR, FE 822 ) RIE A BRI, KA EEG
(G5 IR 2 3R BL, (HLE SE PRI SR A L R ),
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T AT g B A O A A e FH AR
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