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The applications and research progress of electroencephalographic (EEG) signals in epilepsy detection

Yukai Huang, Shumin Liu"
Jiangxi University of Science and Technology, Nanchang, Jiangxi

[ Abstract] Epilepsy is a common chronic neurological disorder whose core characteristic is sudden and recurrent
seizures caused by abnormal and excessive discharge of brain neurons, seriously endangering patients' life safety and
quality of life. Electroencephalography (EEG), as one of the most commonly used methods in physiological detection, has
become an important tool for epilepsy diagnosis, classification, lesion localization, and treatment evaluation with its
advantages of non-invasiveness and low cost. This paper aims to systematically sort out the applications and research
progress of epilepsy analysis and detection based on EEG signals, explore the development from traditional machine
learning methods to modern deep learning architectures, core feature extraction and classification technologies, and the

application of data collection and specialized datasets. Finally, combined with existing challenges, future research

directions are prospected.

[ Keywords] Epilepsy; EEG; Feature extraction; Machine learning

515

TR 2 A BR A WA RGP 2 —, HARHE
N IR AN TSI AR A 5 3K L R A K
R T R AR S R L SR, 0 B AR T R
B D FAERRE D A A 2 A O™ B S . R, 8
T R A A1 P RIS N, BT {8 A6 35 8 i A e oA 5
I D SR I A SR 4 T Ay

fibi FL 1 CBEGO 18— R o @ M i AR BAC S BOR,
3 Sk B L PR R AR R S KM P [0 2 T Bl AR Y
ARG G 52, A ZM RIS R, (AR
M ZRAE K DR 20 258 A 77 T B A R 3 . 73
JRAZ BT, EEG AR Bk TR, EAMY

HEIRAEE . XA

REAE Hff i R AEVE A 75 R R AE, L REHS Bhfl &
TR R AE SR BLRIAT (e RN 25 A 1E, LGS 1897 3L
SRR

G510 BEG 43 T T4 22} B A oK I ) e 7%
MR SE, X — I FEAURERS L 2%, BB 2 Wige s
F A58 FI9% 57 FEFE 2, 1 B 5 202 W ik R A
—8. Bk, AT FEARAE SIS W T B R R, S
FRSWT IR, Bl I 7E KA A r P i A 0
RAEFERE T ERIEH . BE N TR BB AR B 2mB,
PUERF 2] TR 2% ) S50l 3R 3 158 B8 43 BT 5 0 i
IR 25 G A TG PR AR AR LB 0 S8 s . X SR B
FE38 3 I N 241 EEG 208 v 1 Sh 3B i A 5%


https://aics.oajrc.org/

T XA R

G FELAE 5 PSR RS (¥ S S L et

FIFIAIVERAAE, JF R 7> HE TR, AT 4l Bh R 2E
BEAT 2T, e ARG . BRI, AT ORI H ShAG
U0 A% 0 1) 5L A 2909 DA R AL B BDURI 23 8 B i P 717
o RSO RS AR HURN 73 S 45 6 5 14 A1 FE A 43 i
B BRI b AN THE RIS R IR S %A H T
T FI B A, X ARAHIE FETT R HEAT P B, LA D12 40k
MR Mta S % .

1 i B SR e

S SRR RS CE R ERE RS SN )
HAETRACEE . RFAESREL RS B D0 AE, il 1
F7R, PR PP BEATIE — A 4

2 WI/RRESWMA

AR 0 150 LA 5 5 3 L S ) 3 IX 0 T
REFREROLIG, KRN L TR H [FD R RS
(B RAR I o B A I LI PR L TR e AR

FiabsE

FHIES R TR R E 2R, R
Wy UL PSR RIEWE . ZERISESELM, 5IEF
i A5 5 A B R X

BT b i L AE S DA R P Bl B A T AR
FRAE, DA AT 5038 55 W o 8 i 45 5 R 20 e g
FAZ R ZS : RAE R Ginterictal ) « & AE HT 3 (preictal ) «
KAEH GictaD) FURAEJEHA (postictal) Mo b, KAE
W, WRRAE— O R AE A, T IR R AE T 46
G AR A) B E IR MR BV S, R AR
ARG 2 SR RAEWIZ BT 30 208k, KAEREII N K
VEMAZ G 1 5~30 Z3%h, i A& A T8 ) 5 — R AR
JE AR — O AERTIA R R BB B, 1X— “~Figi 7
NEFRESIEE NS, AT REAE R A 8 1t BN
SEEVRE R MERRAE S . 3 R T I r DU FROIRAS 1)
X772

BB

FHIEIREN

- #

—,

{ v _
| I I B = x 10
AEHEARHLE BTIBARHIE FTSTARHIE Pl 4B ARHIE AEERMHIE

B 1 EF EEG B B iRz

BE oo«

10( 813 ) s NVMAN NN

p
10 (1830 ) iy MHEME

0
6(4~7) N\ NN

i (H) i

3(1~3)M\ \/VM\/M;&

2 EESHEMmMMNELLE



T AR

I LA S AR A ) A N R ELAIT T i P

e
AN

voo QRN el

KFE

S o

le

|

f . y
30mimn

3-30min

“
Time

3 B R A AMIRES

AF3

FCS

T

o

FB

Pu

o2

E 4 EFF 10-20 AR E 4R

i FELAE 5 SR B TS MR R 2R N R &2 v
AR, WRETT AT LUK RERE 5 AMA EEG
(intracranialelectroencepholography, iEEG)#13k | EEG
(calpelectroencepholography, SEEG) H K61, I,
PN EEG 83 B AL LT TR, R il 22 BTk
87 AR SO A U X S S R R AR S, e
TE T S5 S TBOR A TR AE s TSk 2 EEG I A
LI 7E Sk R A W H i, ot BLIE A IR ML, R Kt
TR MW I LSS . Sk BEEG I HARIR AL
BHFTEN T5 5 REE WA R A e ot & 2 0 s 2,

i AR AEAC SR I, H AT R R ERR 10-20 HAR
BURARGE, WE 4 PR, SRGLSKE RS (05
ML BEAMEE Y Ao HAT D FEE, AR Bk
G 247 5 TR LA 32 20 A1 B DR AN R s 18] (4%
TR BRI AT e B S AR T T R Y
AN ) 326 453 (R SRR Y B L SR 3T P Bl S 4, X
A R AR B R AR v S0 0 R

PR R A7 ST SRS 5 B 9 1 SR
W SIAUER AL 704N - 75 B AT 5 34
Wt REWHFCR I AT EESE, Wk 1 Fs.



T AR

I LA S AR A ) A N R ELAIT T i P

x1 BRBMHES

HARE LR AR = (EReE KAEIR R /Hz S RAEREIR R K/h
CHB-MIT!" 22 SsEEG 256 198 844
Bonn'®! 5 (IE®N) sEEG 173.61 - 3.28
5 (B iEEG
Freiburg!® 21 iEEG 256 88 509
Kaggle!'! 2 (B#F) iEEG 500/5000 48 627
5 G 400 48
EPILEPSIAE!! 275 iEEG/sEEG 200 2 662 45000
Barcelona!'?! 5 iEEG 512 3750 82

3 BRTMALE

H TR 4R 1 BEG 5 SR ER/N HARR AfE, K
G RE P 5 52 BN THUE 5 T30, IF FOR & AR
I R R IR BRI 2 5 AW AR 1,
FECK B BEG AFAE—EREALIE, ROy DR IR e 2y
LT 5 70 RAERE, TAEAN T RARUE B AT ik
HUE S HEAT AL BE, FIALEE 7044 “ T BB R 0% L L
FIERE” KRR NELT LR,

1) FEAHR I SRR FLAE 5 5 A ARk AL . s
BRI L niAe, T iHd T EA BN
EAEREE Ak E TR SV S M i N e A RN NI R

2) BMEATTH:  BRELATI I A A i A5 5 AL B
focs D B, 1 EHE I BUE RERVIP LR H ST .

3) Dyl 7> BObRic: 5 WL D 785 5 A7« HR Py
JUURE Dyl s RS A AL« HIOA Dy 28 LA R 78 P PR S B 1
a P LT BCRA] “HIBIRE SRR R AE
AbFE BEG 155 Db, 55— bl HU Ak 9 4 8 e B ful
DXsk: fEESE S ERNE L, MO NE ST %E
AL T Ja 2 B HL s 258 1 € BB, #1128 A %2 b
IHEALFT BOF e bRt s 5 TP S AT R AN LR
HEVR, TR VE X 3 Dl 56 U LA 5 R 815
T HTHERR T

4) 5 S IR FOR N A S i TR R T 2%
B PR T, QT SRS dash DL 4E,
PR AP P A LR 0 I PR 5 TOUAL B Y B LAY . ol
TERT v Bk LAAM N H A5 5 317E 30Hz LAWY, [RIBE 1~
60Hz [HHEPER P —FH UL BEG {5 5 WAL E s
%o TN 5 ARG S HBE S, e 75wk
G vt S U A3 A SEEURS 1HE 23 85 o BT B3 20 M (TICAD
R MSEHERE IR BEOR, B R IR A I LA
SSRGS, A R B A,

G o it (PCA) BR4ERIARANH, 1CA @itk
RN, BB LB AR AR S 5, M TE il F A
5 A B b B AR U,

5) FRERIA LM, ARk, BEE N T RERIRT
ANWTE D, TR E 2 SR ALE 25 B i R A0 R S TR
137 3 R e K LA Y S i A ST Dy 2 R A
SR ARIE, SBT3 g P 25 MR AL B

4 FT BB YRR B shi& M = BO4F4E

T T XoF P RELA S ) e A R T B A S R
DRRAYN A ST S I E EE —3 . AR
B TERME AT ARLRE B K X 25 B, A 2B TE SR
0 LS 5 A B AR P L LSRR

B S 1 A2 0 P A 5 b B b R At LR i
PRFAESRY, 32 B B X i R I S T 34T G ik
BEIEE TR, AR 55 5UE A0 L I Bhie
& BRSO B, E BN HEAS 5 e A
PYEE Fgit SahAsrett, W EKE (WL | i
TRt (ZO  REFSEN (SSC) P
(MAV) . Fr#fEZ (SD) FISFIIhE (AVP) %5, B
BURHIE R R LA LE T R . B S CE N,
T 00 PR BARAS 5 BRI, (H 52
G5 A AR e . A AR B 2 e RSk R ARCR AR
RERE AN R, B — NIRRT S
TRRE A R

STUARFAE IR AR IR AE T« R R AE AT JS , I A
TSR RS> S R R A 2 K AR RE AR, BT
WE T YRR TIEACERRT B, X S5
HLAE 5 SE PR AR AR AR AE — B W 22 o AT A BT K
TS 5 RE B EA [F AR A I 2047, W1 §(0.5-4Hz)
0 (4-8Hz) . a (8-13Hz) . B (13-30Hz) 1y (30Hz)
BB Th L3 (PSD) « i AE B M I S5 HE br o



T AR

I LA S AR A ) A N R ELAIT T i P

BESRARFAE 2 YT X5 5 DR (IR EE AT, i i
AR 40 S5 R I A 5 IO R SR, SRR
B WEAE AR . WS A AR IR, R IR R
o BT R T S BERE,  Re A |5
M A A, (EXE AR R Sh 45

ISR AR 5 R SR AN I8 5 OSURFAIE (1 B —
RALGREE . Fln, RS SR, T %kEe
G PERUE 5 IR SN AL, IR W TSR SR
I SRR AL G Z AR YRR AE I, T AU AIE U 25 SR I (] 30
SHEVE, WP TR R N AR RS T, RAE
FE A AR B o 1Z ISR IR I R I B AR e
NP EE IR G AR T i, R AR PRI A S U
BRI, SEBONAE S “I TR — MR — e R = 4EE
Bz, BEORE T bR shA e, SGRE

BT EERAERE ), SEFE RN BAE S AR AR AT .

JELRMERFIER: T “ K2 R IRTEE I R G 1
oD NAT, JREEIN S 5 ARG LS e, @i
LU CApEn)  #EAXE (SampEn) « RE4EEL (CD)
5% K Lyapunov 8% (LLE) LA Hurst $8E0 S RHIE

WL A IS 10 7% 2 M v AR BE RIS S 2R BE . TG
AR AN ) S EE AU S s . R RIS T 58
SRECF AR E B R A, RS HEIE S T AT
FaA T, (A 1E 20838 A5 5 ORI AT« 38 47 188 8 K4 ik
KEEF R T R BRI E N, BEA 2
ik RAE BT K Z G0 MR 2 7 A AR 1 72

o D) 24 SRR IR R i T e B b < R 45 i [X A2 AE
DhReRER” Wiz, @AM 8 EE (PLV) « A
T (COH) . Granger KR #1 & Bl iehs (WiZEE
RE PIRARKIE . D FARED R K A 1H]
W2 [ 20 Y 58 Dl Re e 4 S 7 BRI 9 2% 4 4 R
A 1) 1 AR S B U AR I I AR . IZZRAFE I
O EAE T RO B — B Y R AR AE SR R, A AR
A 20 i DX 8] 8 B[R] 3 S A5 20 S T8 P PR A% R R A7
BUR Al s Bl 0 o DX 1) S 8 [R5, SR A7 11 4 i 19X 4% 111
PANE R, ABUR K E AL AL AT PR AL T 5 AT
(AR A 5 A A SRR 06 F 40 AT R B B 9 U7 m) o 36 2
VEEN T 3R B S A DA 78 P K )RR SR T
T RL AR B 228 SR

®2 BMAERETHEBEESHIHMERS

LK A
Gotman!!®! GUTHREIE CGRIE. A D
Hjorth!'7 Hjorth Z:4§
I AR AT
Rasekhil'¥! YR %
Slimen!™! RUETRAE . “FIgRIER
Liu% DR
Gao %21 P {E L AR
AIIBAFAE
Park(??! o B 0, v, SWEMITIEREIRHIMAE. TTE. WHEEFRFE
Zhang %523 A DL AR o %
Ramos Z24 R {8 L A
Shen!?”! BN 4 I ATUREAE
Ghayab!?! {EF AT Q I F/NE AR e AT IR e - R IUAME . 722 beiEZE . RS, M. PEZRHE
OSOWSK?" SRR 7 AR 2
Xu 028 UG . FEAIS . HEZIE TR /N A E| 5 R
Jacob?”) TEYERL
Yil3 OB (E
i D) 4%
YangB!! PSRRI




T AR

JiB P55 AR T A Y ISP B L E T i

*3 ETREESHMAETNIRARAMTIEN

Park[3? Freiburg SVM
Slimen %33 CHB-MIT LDA HLES2 3]
RPinto %34 19 % TLE &, 49 K&AE, 710h 4 EEG LR
Zhou 5] Bonn / CHB-MIT CNN
Mirowski %3¢ Freiburg RNN I
Tsiouris®"! CHB-MIT LSTM i
Yan*! CHB-MIT Transformer

5 B B B SR 4 AR EY

5.1 AT HUE 5 3] 69 KA M 7 X

AR, A N LR REBOR PSR &, Rl 2 e
BLAS 2 I FR BE 27 SR B LR, R R A 00 77 %
R3] 7R EFEM R B, R SRR S R 4
2% (CNN) AHCELHCIZ 4% (LSTMD {EBE #1557
Hreh R, RE08 A AR SR AR TIO  E ff 2

RN DAL Gl 7 2 o+, BRI REE R o %
TN A B S T IE AR RE 7T, AR THEAL
PER AR RSP, WO H 2 7 I S0 ik 8
%, SVM (Support vector machines, SVM) HE7E = 445
TEZS R =2, 2 53 EEG A& Je Tuill & FH (0 51
2%, 2011 4, ParkP2EEFE Epilepsia ) T/ESRH T+
Z A DR S A UK SVML 1) 28 R = 0
HEZZ, fdiFH Freiburg/iEEG ¥4 (80 KA AME. £ 433h
[ EIE 5D 5 7ERAE XIS AE P AMEIHR 4R 55 1 R
B Orfil: 97.5%) BRI IR (£ 0.2-0.27 K/
) .

2 A5 43 B (Lineardiscriminantanalysis, LDA )
A2 B 2] e BRI IR 4 S 4y R T Re ) &2 UL,
%0 H b A2 10 I B I RS R wE AE H O S B 4R 7 1R]
[F) s de KA AS R SRR TR 23 B B, T 32 N T i F
FRAS I, AR A A . Slimen 2£337E 3L B2 EEG
HIEFC R LDA S840 14 7 V24 E R A 4 Sk an il 5 bb A
RAETRII/ AT AR 06 5 TR AE, JEoR 1l
T A3 A IR AT AR, LDA 75 R0 R a2t ]
FEZ s 1 BE (T PTAE 9 52 R A2 (R AR M0 D

#HE A (Logistic Regression, LR) #%.0FF4>
KRS U 032D TR MR E AR 3 1 26 1t e A Y
FUR PRI, ISR R, PTARREIE R, W AR AT T
CWiESS . PintoBYSEIF R T —FLLEHEIH (LR) AN
0 3 4 IR A VE TROAE SR, 12 HE 220 1 R Ry

-10-

FPE AL SRR AR, T A IR A ) SR AT
RRAESEIURT 232, DA vy v A8 2R 11 T30

5.2 AT IRE S 5] QIR A AT 7 X,

B A VR JE 2 ST BRI R R R R ek, AT
RENVBH T 171G F TR IR BIRE, #
TR 2 1) FH IR e 22 D 5% I 82 BB 463 i EL 15 5 1 3
SO RRE EE . o, BRMZE ML (CNND
T BRI R S A AR SR R 5 A =R il e T, R
546 JEm A EEG {5 5 76 3k B AR 2 () A L3k $h 4
H: B, Zhou ZFPMEH T —Fhkk T &= CNN (£
B3 EROEERD B O R VR IIAE LS, i AE
LRt BB AL B N FELAE 5 () ISR AR sk A
Pt FFT %43k 18) o 7E{EH Freiburg (Aiipy) A
CHB-MIT kB> Hd EFATIH =328 CRAEE vs
RAFHTA AR R=0FAF 5, W4 R
BAS S KR R E R TGS, X il pR Ly
R AR R T — P e AT IR R T 5o TG BA o
Z Mz (RNN) KA EER 20 (GRU) |,
DU ok HOHURE (TR 2L, ARG AR EEG {55 7ERT 8]
YERE EIBhA AR RIS &R . Mirowski S5B6IE
T AR ohoR 8 A 258 % =) BEG [A5 AU i =
B, U RAIERTIIBhASAEIR, 45112 N iEEG
(Freiburg ##E4E) FEUR T RIEFHIHFIBIRE )], R
RNN BB 8RR ZAERT IR ik . B LSTM (K
FEHNRCAZ) B9 N DU LA RNN I 1230 ]
f: Tsiouris®"1%%:/F CHB-MIT (4 4 R #E & LSTM
RITMARAE, BAF T e RBUEFIRE 57, 39iE 7 LSTM
FE AT I AR - (L HZ 0B X o 1 R AE
AR R R BOIRZS , $ v 1 T0000 AR A 1k R B 2850k« 3
Mk, HFERE JI/Transformer ZER P IR 4 R . KF2
W 5 7T AT ABE SN EEG 4. 140 Yanl®)
3+ Transformer AT BE B 422 %0 B 2 alc i 40kh T i



T AR

I LA S AR A ) A N R ELAIT T i P

TER RS, AT [ B 27 o 8538 3 55 8 I () (¥ AR EL A
F, 350 52 25 (R R A i A = Qa1 e L B

MR R SCHR AR AT R B0, S5 IR 2 ST 1 ik
TE AR (R0 i FAS I 2y VB T

6 REEERE

ST s B (EEG) FIEUH H s A, 1E Al
PREHBIZ W A% O, AMYRESE R FH BEEG i 18] 73 H# 5
Te A 1 e Szt W 00 G 28 T3 Eh AR Ak R A 3, T LR
G 2w AL e N LA AR TR - PR s At
B R 1T FEE ARSI ) R, 3K EhAS R AR 1 R e
Xof T4 SO 12 T 6 BT MR I DL R R A IR T
PRI B B AR . ARSCVEGINH T BT
EEG M il it 72, o5 Bl R4 155 TiALEL
ZYEFERAETS IR (RS AT I AT AR 2R 1 3l 77 2%
FFIESE) « RN 255 (RAL VY R G BEER 1Y, oAy
TUE PR AT 280 5 R R ) 2 A3 TR B 7 2 ke A )
BEMIRZ Ly, AT HE B 78 O 10 i S dis 42 137 5 R L
FHBY B R, (ELTHT 1) 52 2% W P 75 SR ATY A R4 T 2
8] o

MR LR VAR5 20T, 456 I PR S5 B I 3 53¢ 11
Z IR, ARSCINEATR JUANJ7 D 1Z U4 J5 1R 5
THHTIRE: D HAl, BTGNS ] ERE K
PEAS I O 2L & e m A, (B o0 Y B e B R
RIS RARRIIMIX 2, @& E— DR T 2) A
FIEESTHLIII BEG RER & SHINE . B H%
25 SEBIEAT TRV R, XA R R BUEIR B R
STANEIFRRS ) EEG 2 S5 A B 8 2 7R3, AT
PERLLE 5 vh OB 32 Ak B ik i 5, (R, Rokedl
A 3 AR DAYH BR A 0 A 25 R, RSB
B PR L 1 G . 3) AT ] il Rt 5 I PRE i
P, DA TR SRR Ak « BEAR 7 sURFERREN,
VRSB 5 1 PR S A= ) R AT E T o AR, R4
AU PR S50 RN R U T AT AR PEASEER, 3@ I R T ARAL
PR PRACB WG T B, SRR G IR s 4) 1
Z YA FE IR RS B RAE B JTH, BRé4l EEG {554,
] s BB A A B R AR (O, L IR
YRS S0 R AE BB AR, RIRRZESE
5 BRIEHESL, 1R LI K 5 EEG REH HL4S
Ay BAHE— D S {5 S R A T R 3

S

[1] Su, J., Huang, Z., Ma, Y.et al.A model for epileptic EEG

detection and recognition based on Multi-Attention

-11 -

(6]

(7]

(9]

[10]

[11]

[13]

mechanism and Spatiotemporal. Sci Rep15, 31993 (2025).
Casson AJ, Yates DC, Smith SJM, Duncan JS, Rodriguez
Villegas E. Wearable -electroencephalography. IEEE
Engineering in Medicine and Biology Magazine, 2010,
29(3): 44-56

25 K BH . B S I ) L3 i R o O I8¢ FR) 5 T AT
[l AE P 2 TR R,2005,24(5):541-545

BRG], SR R R I, 55 2R T i FRLA 5 R R A T
BIF FC 3 JRe [J]. 2R WD R 2 TR 27 5% 35,2021,38(06): 1193-
1202.

Li Z, Fields M, Panov F,et al. Deep learning of
simultaneousintracranial and scalp EEG for prediction,
detection, and lateralization of mesial temporal lobe
seizures. Front Neurol.2021.12:705119
WRIBLZR, B, 52 RV 55 i A5 S IR 4 R 40k 0], 1
BN, 2023,43(S1):322-333

Biiyiiikgakir B,Elmaz F,Mutlu AY.Hilbert
vibrationdecomposition-based epileptic seizure prediction
with neuralnetwork. Comput Biol Med, 2020,119:103665
Degirmenci M,Akan A, leece.EEG based fpileptic
seizuresdetection using intrinsic time-scale decompose-
tion//TIPTEKNO, Proceedings of the 2020Medical
Technologies Congress (TIPTEKNO). Antalya, Turkey:
TIPTEKNO, 2020: 1-4

Wang X, Zhang G, Wang Y, et al. One-dimensional
convolutionalneural networks combined with channel
selection strategy for seizure prediction using long-term
intracranial EEG, Int J NeuralSyst, 2022,32(2):2150048
Usman S M, Khalid S, Bashir S. A deep learning based
ensemblelearning method for epileptic seizure prediction,
Comput BiolMed,2021,136:104710

Klatt J, Feldwisch-Drentrup H, Thle M, er al. The
EPILEPSIAEdatabase: an extensive electroencephalo-
graphy database ofepilepsy patients. Epilepsia,2012,53(9):
1669-1676

Andrzejak R G,Schindler K,Rummel C. Nonrandomness,

nonlinear  dependence, and  nonstationarity  of
electroencephalo-graphic recordings from epilepsy patients.

Physical Review E,2012,86(4):Article No.046206
Ille N,Berg P,Scherg M. Artifact correction of the
ongoingEEG using spatial filters based on artifact and brain

signal to-pographies.Journal of Clinical Neurophysiology,



T AR

JiB P55 AR T A Y ISP B L E T i

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

2002,19(2)113-124
Delorme A, Sejnowski T, Makeig S. Enhanced detection of

artifacts in EEG data using higher-order statistics and

independ-ent component analysis. Neurolmage, 2007,34(4):

1443-1449

Kevric J,Subasi A. The effect of multiscale PCA de-noising
inepileptic seizure detection. Journal of Medical Systems,
2014.38(10):Article No.131

Gotman J. introduced a method for the automatic
recognition of epileptic seizures within EEG signals, as

detailed his 1982  paper  published
Electroencephalography and Clinical Neurophysiology.

in in
Hjorth B.EEG analysis based on time domain properties.
Elec-troencephalography and Clinical Neurophysiology,
1970,29(3):306-310

RASEKHI J, MOLLAEI M K, BANDARABADI M, et al.
Epileptic seizure prediction based on ratio and differential
linear univariate features[J/OL]. Journal of Medical Signals
& Sensors, 2015, 5(1): 1.

Slimen B I, Boubchir L, Seddik H. Epileptic seizure
predictionbased on EEG spikes detection of ictal-preictal
states. ] BiomedRes,2020,34(3):162-169

Shan L, Jiang W, Shanshan L, Lihui C, et al. Epileptic
Seizure Detection and Prediction in EEGs Using Power
Spectra Density Parameterization.[J], IEEE transactions on
neural systems and rehabilitation engineering a
publication of the IEEE Engineering in Medicine and
Biology Society, 2023, 31: 3884-3894.

Qiang G, Alaa H O, Yasamin B, Omid M, Mohammed A A,
Abdul K J A, Sara H A, Nafiseh E, D. T, Mohammad J G,
et al. Electroencephalogram Signal Classification Based on
Fourier Transform and Pattern Recognition Network for
Epilepsy Diagnosis[J], of
Artificial Intelligence, 2023, 123: 106479-106479.

Engineering Applications

Park Y, Luo L, Parhi K K, Netoff T. Seizure prediction
withspectral power of EEG using cost-sensitive support
vector ma-chines.Epilepsia,2011,52(10):1761-1770

Parhi K K, Zhang Z. Discriminative ratio of spectral power
andrelative power features derived via frequency-domain
model ratiowith application to seizure prediction. IEEE T
Biomed Cire S.2019,13(4):645-657

Ricardo R, J. A O, Ivan O, Susana S, et al. Feature

-12 -

[27]

(28]

[29]

(33]

[34]

Extraction from EEG Spectrograms for Epileptic Seizure
Detection[J], Pattern Recognition Letters, 2020, 133: 202-
209.

Mingkan S, Peng W, Bo S, Yan L, et al. An EEG Based A
recent study published in Biomedical Signal Processing and
Control presents a real-time approach for detecting epilepsy
seizures using discrete wavelet transform and machine
learning methods.

Al Ghayab H R, Li Y, Siuly S, Abdulla S. A feature
extractiontechnique based on tunable -factor wavelet
of

classification.Journal

Neuroscience Methods2019,312:43-52

transform  forbrain  signal
OSOWSKI S, SWIDERSKI B, CICHOCKI A, et al.
Epileptic seizure characterization by Lyapunov exponent of
EEG signal[J/OL]. COMPEL - The international journal for
computation and mathematics in electrical and electronic
engineering, 2007, 26(5): 1276-1287.

Xin Xu, Maokun Lin, Tingting Xu. Utilizing Nonlinear
Features of EEG Signals for Improved Epilepsy Seizure
Prediction with Gradient Boosting Decision Tree[J],
Annual review of physiology, 2022, 19(18)

Jisu Elsa Jacob. Chaotic and Nonlinear Features As EEG
Biomarkers for the Diagnosis of Neuropathologies[J],
Computational Health
Applications, 2023: 67-86.
577 5 I - AR Z AR IG5 I8 DX 205 23 BT PRV R AL SR BT
LB FU[D]. L PCHIE HLK#,2022

Zheng Y, Wang G, Li K, er al. Epileptic seizure prediction

Informatics for Biomedical

usingphase synchronization based on bivariate empirical
modedecomposition.Clin ~ Neurophysiol,2014,  125(6):
1104-1111

PARKY, LUO L, PARHI K K, et al. Seizure prediction with
spectral power of EEG using cost-sensitive support vector
machines[J/OL]. Epilepsia, 2011, 52(10): 1761-1770.
SLIMEN I B, BOUBCHIR L, MBARKI Z, et al. EEG
epileptic seizure detection and classification based on dual-
tree complex wavelet transform and machine learning
algorithms[J/OL]. The Journal of Biomedical Research,
2020, 34(3): 151.

PINTO Mauro F, LEAL A, LOPES F, et al. A personalized
and evolutionary algorithm for interpretable EEG epilepsy
seizure prediction[J/OL]. Scientific Reports, 2021, 11(1).



T AR

I LA S AR A ) A N R ELAIT T i P

[35]

[36]

[37]

ZHOU M, TIAN C, CAO R, et al. have demonstrated the
effectiveness of using EEG signals and Convolutional
Neural Networks (CNN) for the detection of epileptic
seizures, as evidenced by the significant progress in
research and the clinical validation of EEG's reliability and
accuracy in diagnosing epilepsy.

MIROWSKI et al. (2009) have contributed to the field of
epileptic seizure prediction by classifying patterns of EEG
synchronization, a method that has been further developed
and discussed in recent research.

TSIOURIS K M, PEZOULAS V C, ZERVAKIS M, et al.
introduced a Long Short-Term Memory (LSTM) deep

learning network for the prediction of epileptic seizures,

-13 -

leveraging EEG signals as detailed in Computers in
Biology and Medicine. This approach aligns with recent
advancements in the field, as evidenced by studies
indicating that Al-based models can significantly enhance
the accuracy of seizure prediction., 2018, 99: 24-37.

YAN J, LI J, XU H, et al. Seizure Prediction Based on
Transformer Using Scalp Electroencephalogram[J/OL].
Applied Sciences, 2022, 12(9): 4158.

FRAE R : ©2025 15 5HBERBUHTIM A 0 (OAJRC)
i . A EHBARIEEE LTI RRRE.

http://creativecommons.org/licenses/by/4.0/

(€ O JOPEN ACCESS


http://creativecommons.org/licenses/by/4.0/

	引言
	1 癫痫自动检测流程
	2 数据采集与输入
	3 数据预处理
	4 基于脑电的癫痫自动检测中的特征
	5 癫痫自动监测的分类模型
	5.1 基于机器学习的癫痫发作预测方式
	5.2 基于深度学习的癫痫发作预测方式

	6 总结与展望

