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EEG-Based Automatic Epilepsy Detection: Overview and Outlook
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Abstract Epilepsy is a chronic non-communicable disease caused by the abnormal supersynchronous electrical activity

of brain neurons. It is also one of the most common neurological diseases in the world. EEG-based automatic epilepsy

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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¹ØÓÜ �M>¹Ä&Ò. Þ� EEGK´|^M
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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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Bonn[66] 10 100 ªS EEG 256 708
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�!òÄu�5Ú��5©Û, ?ØÄu EEG

���&Ò©Û¥�^�2�� 4a�óJ��A

Æ9ÙO��ª.

��AÆ´3 EEG&Ò?n¥�Ä:�AÆ,

Ì�´ÏL��é�©&Ò�*	O�J�Ñ�A

�AÆ. Ù`³3uO�{$, BuïÄö�*n

). �du EEG&Ò����²­5, �N�ÉÚ

	.Z6�ÑN´KǱ��AÆ.

ª�AÆ��â5gu��u�� EEG �U

þu)²wCz, ��,±�µ EEG´Cq²­�

Ǳb�. �Ü©ª�AÆÑ5gué&ÒõÇÌ�

AÆïÄ, 3?1ÌAÆJ���æ^õ«ëê�

O�{, ëê�O(ÝǱKǱª�AÆ��þ.

e�ÄAÆ¤�¹�&Eþ, üX���AÆ

½ª�AÆÑØU��/é�ã EEG &Ò?1Ǳ

x, ¿�Äu²­5b�� EEG ©ÛǱ¿Øî>.

ÏdïÄöBò81Ý�
�ª©Û�{, ÏL�

ªC���ãò�²­� EEG &Ò­#L«¿J

��AAÆ.

�X ²�Æ�u�, NõïÄǱò�Mw�

����5XÚ, ¿léXÚ�E,Ý!±È5Ú

ÓÚ5�Cz�£ã¥o(
�A���5AÆ.
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AÆØÉ� EEG&Ò�²­5�KǱ, Ó�3

AéõÏ�'éÚÏ�"��¯K�Ǳ�\(¹.
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C
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2.1 ��AÆ

Katz ©/�ê[69]
U
Ly�ã�mS��E

,§Ý, ÏdU
�Ǳ��gÄ£O�d3AÆ. ­

�l� (Curve length, CL)[70]�Ǳ Katz ©/�ê

��Oþ, ÏLO���æ�:�m��É5�N

&Ò�E,Ý. éu�ãäk Ns �æ�:�lÑ

EEG&Ò x (n), Ù­�l��O��{Ǳ:

CL (x (n)) =
Ns
∑

i=2

|xi − xi−1| . (1)

��5Uþ�f (Nonlinear energy, NE)[71]´

�«é&Ò?1UþÿÝ��{, àw&Ò�pª

Ü©, Ó�³�$ªÜ©. ÏLéæ�:���5U

þ�f�²þ, ��� EEG&Ò¡ã���5Uþ

�f. ëY&Ò x (t)3 t0 �Ǳ� NEO��{Ǳ:

NE (x (t0)) = x2 (t0)− x (t0) x
′′ (t0) . (2)

éulÑ&Ò, æ�: xi � NEO��{Ǳ:

NE (xi) = x2
i − xi−1xi+1. (3)

��é�© EEG &Ò?1O�, �¼�

�Ì�þ�� (Root mean squared amplitude,

RMSAmp)!4��Ñygê (Number of local

maxima and minima)[72]!L"Ç (Zero crossing

rate)[72]�AÆ. Ù¥, éulÑ&Ò x (n)
ó, 3

ëY¼ê�µe��êVg��©O�, ÏdïÄ

¥��ÏL�½K� ε��{Cq 0 �. ~X4�

�½ÂǱ���©�u�½K� ε (ε = 0.01V )�

æ�:, L":I÷v xi < εÚ xi+5 > ε.

¸Ý (Kurtosis, kurt) � � (Skewness,

skew) ´ïþêâ©Ù�¹�AÆ. Ù¥¸ÝL

y©Ù�²"§Ý,  �Ly©Ù�é¡§Ý, eþ

��u¥ êKǱm �, ��Ǳ� �:

kurt (x (n)) =
1
Ns

∑Ns

i=1 (xi − x̄)
4

(

1
Ns

∑Ns

i=1 (xi − x̄)
2
)2 . (4)

skew (x (n)) =
1
Ns

∑Ns

i=1 (xi − x̄)
3

(

1
Ns

∑Ns

i=1 (xi − x̄)
2
)

3
2

. (5)

3Nõ EEG ïÄ¥Ñ^�
 Hjorth AÆ[73],

Ù¥�)¹Ä5 (Activity, σ2)!£Ä5 (Mobility,

δ)ÚE,Ý (Complexity, λ)n�ëê:

σ2
x = var (x (n)) =

1

N

(

N
∑

n=1

(x (n))− x̄

)2

(6)
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Table. 2 Summary of features used in automatic seizure detection.

©z AÆ a.

Gotman [6]
�Ì!þ�!CÉXê�

Hjorth [73] Hjorthëê

Chandaka�[29]
p�'ã�ã%!��°Ý�

Kalatzis�[96]
²þýé&Ò�Ç!¸m�!¸m�Ç

Putten�[72]
4�gê!L"Ç

��AÆ

Park�[97] α, β, θ, γ, δÅ�õÇÌ¿�Ùþ�!��!IO��AÆ

Alkan�[32]
õÇÌ

Gotman�[76]
¸�ªÇ!Ìª¸��°

Naghsh-NilchiÚ Aghashahi[34] ªÌ>ÆªÇ

ª�AÆ

Kiymik�[35]
á�Fp�C�

Hernandez�[75]
lÑ�ÅC�, ¿J�þ�!��!IO�!���AÆ

PachoriÚ Patidar [86]
²���©)¼��Æ��¼ê

Ghayab�[98] �^�N QÏf�ÅC�?1�ªC�

¿J�þ�!��!IO�! �!¸Ý!¥��AÆ

OweisÚ Abdulhay[99]
F�ËA-�C�

�ª�AÆ

Achary�[100]
�ß�!éêUþ!Cq�!ü��!Renyi�!�
�

Tian�[101]
Ì�

NicolaouÚ Georgiou[40]
ü��

Azami�[102]
õºÝ�
�!���

Shayegh�[103]
�� Lyapunov�ê©þ

Mirowski�[104]
��p�'�ê

Wang�[94] Hurstëê

Faul�[105] ÛÉ�©)�!KolmogorovE,Ý!^��!ü��!

ÛÉÌ� Fisher&Eþ!�� Lyapunov�ê©þ

��5AÆ

δx =
σ′

x

σx

=

√

var (x′ (n))

var (x (n))
(7)

λx =
δ′x
δx

=
σxσ

′′

x − σ′

x

2

σ′

xσx

(8)

Ù¥ x̄L«&Ò x(t)�þ�. x′(t)L«&Ò x(t)�

���ê. σ′

x L«&Ò x(t)���ê�IO�. σ′′

x

L«&Ò x(t)���ê�IO�. ¹Ä5L«&Ò

�²þõÇ, £Ä5�^uO�&Ò�²þªÇ, E

,Ýÿ�&Ò��°. �*þ, ù 3 �þ©Ol�

Ì!�Ç��ÇCzÇ�ÆÝ£ã
 EEG &Ò3

��þ�A:, �2�A^. éu�� EEG&Ò¡

ã�� Hjorth ëê����!þ�Ú���ǱA

Æ.

d	, du EEG Ǳ2��^u�aO�!%

n�';¾ïÄ!��KÖµ�

[74]
�¯K¥, yk

���gÄuÿ¯KǱ/�
A^uþãïÄ+

��AÆ

[37, 75], XUþ (Power, P )!þ� (Mean,

µ)!���© (1st difference, d1) 9ÙIOz/ª

(Normalized 1st difference, nd1)!���© (2nd

difference, d2) 9ÙIOz/ª (Normalized 2nd

difference, nd2):

P (x (n)) =
1

Ns

Ns
∑

i=1

|xi|
2

(9)

µx =
1

Ns

Ns
∑

i=1

xi (10)

d1 (x (n)) =
1

Ns − 1

Ns−1
∑

i=1

|xi+1 − xi| (11)

nd1 (x (n)) =
d1 (x (n))

σx

(12)
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d2 (x (n)) =
1

Ns − 2

Ns−2
∑

i=1

|xi+2 − xi| (13)

nd2 (x (n)) =
d2 (x (n))

σx

(14)

2.2 ª�AÆ

ª�¥�~^5ǱxUþAÆ�ÔnþǱõ

ÇÌ�Ý (Power spectral density, PSD). ã 2 Ǳ

Bonnêâ8 A (�~)!C (u�mÏ)!E (u�Ï)

f8

[66]
�1�����õÇÌ�Ý«~. u��

EEG� PSD�Ù�G�k²w�É, Ïd PSD´

��gÄuÿ¯K¥²;�ª�AÆ.

f (Hz)
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20
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100
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Ictal
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ã 2��gÄuÿ¥M>õÇÌ�Ý«~ (Bonnêâ8[66]).

Fig. 2 EEG PSD for automatic seizure detection (Bonn

dataset[66]).

��|^êâIò&Ò�©Ǳäk m�æ�:

� N �¡ã, ¿O�éA�±Ïã, |^²þ±Ï

ã�O&Ò�õÇÌ. éu&Ò x (n), e1 p �¡

ãéA�±ÏãǱ Pxp
, KõÇÌ�ÝǱ:

PSD =
1

N

N−1
∑

p=0

Pxp
. (15)

d	, Gotman �[76]
ò¸�ªÇ (Peak fre-

quency) ÚÌª¸�� (Band width) ^ué#)

Æ���u�uÿ. |^ Zibrandtsen �JÑ�

ªÌ>ÆªÇ (Spectral edge frequency, SEF) A

Æ

[77], �±�ÑØÓªÇ��eéA� SEF (��

�oªÌõÇ 80%!90%!95% �	�>ÆªÇ),

Ón|^ PSD �ÑTéAªÇ���ªÌoõÇ

(Total spectral power, TSP). éz�f�� PSD,

�J�þ�!��Ú��ëê�Ǳª�AÆ

[78, 79] .

2.3 �ª�AÆ

=l��½ª�J�AÆ¿ØU�¡LÆ��

¯K¥ EEG��ÜA5, � EEG��þ¿ØUw

�Cq²­�&Ò. Ïd�
ïÄÏL�ªC��

� EEG&Ò#�L«/ª¿J��AAÆ, ?1�

�gÄuÿ.

ò�© EEG &Ò=z¤�ª�L«kõ«

�{, ~Xá�Fp�C� (Short time Fourier

transform, STFT)!�ÅC� (Wavelet transform,

WT)[80, 81]!²���©) (Empirical mode de-

composition, EMD)[71, 82–84]!F�ËA-�C�

(Hilbert-Huang transform, HHT)[72]!²þ�ÌÌ

(Mean amplitude spectrum, MAS)[85]�. ã 3 �

«
 Bonnêâ8 A (�~)!E (u�Ï)f8[66]
�

1����M>² db4�Å©)������fÅ

©þ. Ù¥�© EEG&ÒdùÚL«, ��fÅ©

þX7Ú¤«. u�ÏM>����Å©þ��Ì!

ªÇ�Ñ��~G�M>k�Ǳ²w��É.

²lÑ�ÅC� (Discrete wavelet transform,

DWT) ���f�&Ò¥, �±J�éAª��

ÅXê�þ�!��!4�!þ��!48Uþ�

Ç (Recursive energy efficiency, REE)[75, 80]!�


Cq�

[81]
�AÆ, ±¢y��u�gÄuÿ. ²

EMD ©)���eZ��Æ��¼ê (Intrinsic

mode function, IMF), æ^ IMF �ýé�[82, 86]
!

Uþ

[83]
!²þªÇ

[84, 87]
!p&E

[88]
U
���A

��ª�AÆ. é IMF?1 HHT�¼�Ù℄�ª

Ç, Ùþ����U
^±LÆ�ª&E[89] .

2.4 ��5AÆ (Nonlinear Analysis)

� (Entropy, En) ´U
LÆM>E,Ý�Ô

nþ. ïÄLyu�ÏM>�Ø(½Ý¬²wü

$

[90], Ïd�7��k'�AÆJ�k�þ�ï

Ä. ~X, Fisher&E (Fisher information, FI)!Ì

� (Spectral entropy, SpEn)[71, 91]!�à� (Shan-

non’s entropy, ShEn)[92]!Cq� (Approximate

entropy, ApEn)[38, 81]�µ

FI (x (n)) = −
Ns
∑

i=1

(xi+1 − xi)
2

xi

(16)

SpEn (x (n)) = −
1

logNf

∑

f

Pf (x (n)) lnPf (x (n))

(17)

ShEn (x (n)) = −
∑

f

Ph (x (n)) lnPh (x (n))

(18)

ApEn = φdE−1 (r)− φdE (r) (19)

Ù¥, Pf ǱT EEG &Ò�VÇ�Ý¼ê, Nf Ǳ

ªÇ©þ�ê, Ph ǱVÇ�Ý¼ê�±Ïã�O,

φdE (r)L«��ü:�Cq§Ý, rǱ�qål, dE
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(a) Wavelet transform for normal EEG.
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(b) Wavelet transform for seizure EEG.

ã 3 M>ã²�ÅC���©þ«~ (Bonnêâ8[66]).

Fig. 3 Wavelet transforms for automatic seizure detection

(Bonn dataset[66]).

Ǳi\��Ý.

d	, ��� (Sample Entropy)[93]Úü��

(Permutation entropy)[40]�Ǳ��ǱAÆ. ã 4Ǳ

Bonnêâ8 A (�~)!C (u�mÏ)!E (u�Ï)

f8

[66]
�1��������«~.
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ã 4 ��gÄuÿ¥�M>���«~ (Bonnêâ8[66]).

Fig. 4 Sample entropy for automatic seizure detection

(Bonn dataset[66]).

Hurstëê (Hurst exponent, HE)[94]´�«ï

þ�mS��Å5��I. ��5`, �u��ã

EEG&Ò�äk�Å5, u�Ïduäk;.5ú

Å, S��ÛÜª³5�r, Hurst �ê��C 1.

��aq, �ª³ÅÄ�IÏLéÛÜª³?1[

Ü¿O�&Ò��� RMS, ǱULÆ&Ò��Å

5. duu�Ï ²�ÓÚ�>, Ï�m�ÓÚ5

AÆǱ�^u��gÄuÿïÄ, X Lyaounov �

ê (Lyapunov exponent)��É5!��p�'�

ê

[92, 95]
�.

3 ��gÄuÿ�©a�.

�!?ØÄu EEG ���gÄuÿ¥~��

ÚO©Û�.ÚÅìÆS�.. L 3o(
C
ï

Ä¥^��ÅìÆS©a�{�éA(J.

3.1 ÚO©Û

ÚO©Û�.�é�ÿ&Ò�AÆÚOþ½

���&Ò�m�©Ù�É!�'5��½K�,

¢y5Åuÿ. Li �[106]
|^ Kullback-Leibler ÿ

Ýïþ EEG &Ò�ª©Û� Choi-Williams ©Ù

(CWD) �É, 2²ÛÉ�©)¿(ÜK�©Û, �

��L 90% �5Åuÿ�(Ç. Huan�[49]
ÏL℄

�ªÇ��ª©Û¼�lÑ CWD,�^�'5©Û

O��ÿ EEG&ÒlÑ CWD �pªÜ©ÚÄ�

5Å�¥%℄�ªÌ�m��'Xê, ¢y5Åu

ÿ. Huan�[47]
ÏLO�Ú�ºÝelÑ CWD�

ªÌ�Cz¿�K�'é, ¢y 89.5%5/kÅuÑ
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L 3 ��gÄuÿÅìÆS�{o(.

Table. 3 Summary of automatic seizure detection methods.

�ö êâ8 AÆ ©aì (J

Guo�[131] Bonn ApEn ANN Acc: 98.27 %

Liang�[44] Bonn ApEn!ª�AÆ LDA!SVM!ANN Acc: 97.82-98.51%

Samiee�[50] Bonn �ª�AÆ NB!LR!SVM!KC�!ANN Acc: 98.3%

Zhang�[132] Bonn ªÇ�¡�ÅC� SVM Acc: 98.33%

Yan�[133] Bonn SAE SVM Acc: 100.0%

Ahmed�[109]
�úmêâ ��!ª�!��5AÆ SVM!RBF-SVM Sen: 82.6%, Spec: 90%

Acharya�[56] Bonn DCNN DCNN Acc: 88.67%

Qiu�[134] Bonn DSAE LR Acc: 100.0%

Yuan�[135] CHB-MIT SAE PSVM Acc: 96.61%

Ahmedt�[136] QUT!MAEUnit CNN SVM Acc: 95.19%

Hussein�[137] Bonn ��!ª�!�ª� Softmax Acc: 100.0%

Roy�[138] Bonn CNN!RNN LR!MLP Acc: 82.04%

Thomas�[139] MGH CNN SVM Acc: 83.86%

Daoud�[140] Bonn ��5AÆ DCNN!MLP Acc: 98.6%

Hu�[85] CHB-MIT MAS+CNN SVM Acc: 86.25%

Jaafar�[141] Freiburg LSTM Softmax Acc: 97.75%

Chen�[142] Bonn DWT+��5AÆ SVM Acc: 99.5%

Tian�[61] CHB-MIT ��!ª�!�ª� NB!DT!SVM!KC�!TSK-FS Acc: 98.33%

Cao�[143] CHB-MIT CNN SVM!KNN!ELM!KELM!RF Acc: 99.33%

Zhang�[144] TUH CNN RF!KNN!SVM Acc: 97.4%

Ç. Yadav[107]
|^/�Æ©Û (Morphology Anal-

ysis), ÚOk¸�ÇÚk¸m��m, ��½K�é

A'�¢y5Åuÿ, 3�uÿØ�ÇǱ 0.1/h, ²

þ�ò 9.1s.

ÚO©Û�.?1©a�, �.��ä�âO

�{ü!´un)Ú¢y. Ù"�3u: 1. �Oî

­�6;�z�ëê��½ë�'é���&Ò,


 EEG&Ò�N�ÉwÍ�äk�²­5, ��ù

a�.�Ï^5É�; 2. ;[AÆ  ´¢SÔn

þ, ùa�.�{?nAÆ�m�Û'X±9Ûõ

��ÝAÆ§���.�O(5É�.

3.2 DÚÅìÆS

~^DÚÅìÆS�.�)|±�þÅ (Sup-

port vector machine, SVM)[37, 53, 108, 109]!�5�O

©Û (Linear discriminant analysis, LDA)[51]!È

���d (Näıve Bayes, NB)[50]!Ü6£8 (Lo-

gistic regression, LR)!�ÅÜ� (Random forest,

RF)[54]�. Li �[110]
|^V­�ÝlÑ�ÅC�¿

J���©þ���5AÆ, ¿�^ ANOVAÀJ

Hurst ëê!�
���Ǳ©aAÆ, æ^ SVM

?1©a. Reddy �[111]
O��N Q Ïf�ÅC

�¤��Å©þ�¥%�'�, ¿æ^ RF!LR!

õ�a�Å��.?1��&Ò£O. Jaiswal Ú

Banka[52]JÑ
ÛÜFÝ�ª=��AÆJ��{,

¿æ^ K C�!SVM!ûüä�©a�{?1�

�uÿ.

DÚÅìÆS�.�`³3u�.�E,Ý

$!�)º5r, �I�ïÄ<
é���)nÅ

nÚ�KLyk�\n). du�6;[²�, �

�AÆØ´�*	ÚJ�, Ïd�.O(5É�. d

	, eé�ÿ&ÒJ�AÆ�L§Ñ�L�, ¢S|

µ¥�.�ÇÉKǱ.

3.3 �ÝÆS

�X�ÝÆSC
53ã�!�Ñ!©��

+��×�u�, �Ý ²�ä (Deep neural net-

work, DNN) �.3��gÄuÿ¥ǱÅì��A

^. J��ÝAÆ��Øé�óAÆ��6, �3?

nõÏ�êâ���uDÚ�.kwÍ`³.

~^�Äu EEG ��ÝÆS��gÄuÿ�

{�) 3a: (1)òÈ ²�ä�. (Convolutional

neural network, CNN); (2)Ì� ²�ä�. (Re-

current neural network, RNN); (3) g?èì�.

(Autoencoders, AE).

CNN a�.ÏL³zÚòÈJ�Ñ\êâ�
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AÆ. �â�.Ñ\êâ��Ýê©Ǳ 1D-CNN

Ú 2D-CNN ü«Å�. Ù¥ 2D-CNN ��ò�©

EEG &ÒÏL�ªC���ª=�¤ 2 �ã�&

Ò¿|^ CNN ¢y��gÄuÿ. ~X, Avcu

�

[112]
JÑ� seizureNet ÏLFp�C�ò�©&

Ò=�¤�ªã2|^òÈ�ÆS¢y��gÄu

ÿ. Covert�[113]
JÑ�mã�ä�{ò�© EEG

&Ò=�¤�mã¿|^ 5«ØÓ�ê� CNN�

ä¢y��gÄuÿ. Li �[114]
Ó�J�&Ò�õ

ºÝ�!ª�AÆ, òØ --y�ä (Squeeze-and-

Excitation Networks, SENet) i\ CNN �., ¢

ygÄuÿ, 3��u�¯�uÿÚ��u�Ï

uÿ�¢�¥, Ñ��
ép�O(ÇÚ¯a5.

Thodoroff�[115]
ò�© EEG&Ò|^¯�Fp�

C�Ú>4æ� �� 2�ÝKÜ¤¿?1ng�

^��, ���²wã��|^Ì�òÈ ²�ä

(Recurrent CNN, RCNN)¢ygÄuÿ, ¼�
4

p�¯a5Ú�$�Ø�Ç. Bizopoulos �[57]
�^

LeNet!AlexNet!VGGNet!ResNet!DenseNet

�Ǳuÿ�.éã�z� EEG &Ò?1��gÄ

uÿ. 1D-CNN·Ü��é EEG&Ò?1?n, ä

k�éu 2D-CNN��*��ä(�, ����$

�Î�d. Ó�, ò�© EEG&Ò=zǱ�ªã�

�U�5�½�&E��, Ïd 1D-CNNU
��

§Ý�|^êâ&E. ~�g´´ò�©&ÒUì

�mI�©�±��/ªÑ\ CNN�ä.

�éÑª!Àª���mCz�êâ, ~^�

�ÝÆS�.Ǳ RNN, ±�á�PÁ (Long-Short

term memory, LSTM)���Ì�ü� (Gated re-

current unit, GRU) (�ǱÌ. LSTM)û
�.

ÆS�
�mé�
�mêâ&E�KǱ, Ú��

DÂ�FÝ���¯K. Chen�[63]
|^ 3� LSTM

�ä?1AÆJ��ÏL sigmoid ¼ê©a, ��

96.82%�O(Ç. GRU´LSTM�CN,òLSTM

¥�Ñ\�Ú¢#�Ü¿Ǳ�#�, ü$
 LSTM

�.�E,Ý. Roy �[117]
�O
 5 � GRU �ä

ChronoNet, ÏL softmax¼ê©a�� 92.84%�

�(Ç.

AE´�«�iÒ�ÝÆS(�, ÏLé�©ê

â�ü�L«¢y©a. AE �¹?èìÚ)èì

ü�Ü©. ?èì�òp��Ñ\êâü�, ¿��

�Ñ\êâéA�Ûõ�L«. Ûõ�L«­#Ï

L)èì¡EǱ�©�Ý, l
¢yé�©Ñ\�

­�. Sharathappriyaa �[118]
Äk�^ Harmonic

Å�C�, 2òf�&Ò?1AÆJ�¿�^ AE

?1���ä. Rajaguru �[119]
|^õ�g?èì

ÚÏ"��zÌ¤©©Û�{(½Ñ\êâ�­#

L«, 2|^¢D�{©a, ¢y 93.78% ���u

ÿ�(Ç.

��uDÚÅìÆS�., �ÝÆS�.�Æ

S�{�óJ���ÝAÆ½�ª, ±dJ,�ª

©a�J. Ó�, �ÝÆS�.KÜ
DÚ�.¥A

ÆJ��©aüÚ, 3Ôöêâv
��¹eU�

����ÆS�J, �!�uÿ�m. ,
, �ÝÆ

S�.  �6�þêâ, ÄKN´ÏëêL[Ü

KǱ�.�z5U

[56] .

3.4 [£ÆS

þã��gÄuÿ�.´ÄuÔöêâ�ÿÁ

êâäk�ÓêâAÆ©Ù�b�. � EEG &Ò

�N�ÉwÍ, ¢SA^¥, ÿÁêâÚ�.�Ôö

êâ  ØÑlÕáÓ©Ùb�, Ïd�Ñ�N�

É�Ï^��gÄuÿ�.�k¢Sd�. [£Æ

S

[120]
´|^�'��I5êâ½�£(�, �¤½

U?é8I��ÆS�ÅìÆS�.. éuÏ^�

��gÄuÿ�., ^uÔö�.�êâÚ¢Sÿ

Áêâ�U5guØÓ��N, Ù&Ò�©Ù½�

3����É, �ÔöêâþÉ�, Ï
�ÏL[£

ÆS�.Jp��gÄuÿ�.��z5UÚ�(

Ç. XÛ?1k�[£±Jp�.�z5U´[£

ÆS�Ä�­:.

Äu�óJ��AÆ, Yang�[59]
JÑ|^AÆ

�mS�m��íª[£ÆS� LMPROJ �{�

�zÔöêâ�8Iêâ�óJ��AÆ�m�©

Ùþ��, ¢y EEG&Òg·A£O, ©aO(Ç

�L 93%, wÍ`uDÚÅìÆS. Jiang �[121]
r

ÿÁêâÚÔöêâ���þ��ÉKÜ� TSK

�
XÚ�.¥, é�© EEG &ÒÏL�Å�C

�!STFTÚØÌ¤©©Û�����óAÆ?1

©a, uÿ�(Ç�'u�[£ÆSk�ÌJ,.

�ÝÆSÚ[£ÆSǱ�KÜ§?1�Ý[£

ÆS. Zhang�[60]
éVGG16!VGG19ÚResNet50

n« CNN�äëê?1[£, ¿ò�© EEG&Ò

ÏL�ªC�=�Ǳ�ªã, 3ª^r���gÄ

uÿ¢�¥²þO(Ç�L 96%. Zhu �[122]
Ú\

[£ÆS¥��ÆS (Meta learning), 3�.�¡

þÏLPÁOr�'(���.ÏL�þ��¯�

ÆS, Ó�U?ålÝ
�$�, 2ÏL²ýÔö�

ÄÆSìÚ�ÆSì, Øä`zëê¢y­½©a.

3.5 õÀãÆS

õÀãÆS

[123]
ÄuÀã��5ÚpÖ�K, |

^õ�ØÓÀã�m��É5Ú�q5, Jp�.

©a°Ý. õÀãÆS�)ÆÓÔö!õØÆSÚ

f�mÆS�aO. ÆÓÔöÏLéØÓÀã�1

�OÔö, ��zÀã��5; õØÆSÏL�^Ø

Ó�SØÔö�.¿'é�ØÓ�Àã, 2ÏLS
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Ø��5½��5|ÜJpÆS5U; f�mÆS

KÏL¼�õ�Àã�ú�f�m, Jpêâ��

5. XÛ��zÀãm�&EpÖÚéA�.��

�5´õÀãÆS�J:.

3��gÄuÿ¥, Tian�[61]
|^ CNN�.

J� EEG&Ò���!ª�Ú�ª��ÝAÆ, ¿

�ïǱn�Àã, ÏLõÀã TSK�
XÚ?1õ

ÀãÆS, J,
��uü�Àã�©auÿ�J.

Yuan �[124]
ÏLÏ�a�Eâ, |^ AE J�õÏ

� EEG&Ò�Ï�AÆÚÏ�S��ªAÆüa

Àã, ¢yõÀã��gÄuÿ. Liu �[125]
|^^

r¯a�.?1Ï�ÀJ, 2�éÀJ�Ï���

fªãJ��ªAÆ�¤õÀãAÆ. ÏLú��

mÝKÝ
J�ê�Ú/�ÆAÆ, ¿|^��²

þ�Ég?èìJ�Ï�m�ª�AÆ, ¢yõÀ

ã���gÄuÿ.

3.6 8¤ÆS

8¤ÆS�òõ�Ä©aì (f©aì) 8Ü

¤r©aì±Jp©a�J, Ì��) Bagging!

Boosting Ú Stacking n«ÆSüÑ[126]. Bagging

�ÅUCÔö8�©Ù
�)õ�Ôöf8, éA

Ôöõ�ÄÆSì2?18¤©Boosting 3fÆS

ì�Ä:þ, O�þ�Ó��Ø©a�����­

¿Ôö#�., �ª|¤rÆSì©Stacking Äk

Ôöõ�ØÓ�ÄÆSì, 2rÙÑÑ�ǱÑ\Ô

ö��#�©a�.. 8¤ÆS�J:´XÛÓ�

JpÄÆSì�O(5Úõ�5.

3��gÄuÿ¥, Hosseini �[127]
é�óJ

��AÆ?1
f�my©, ¿�^Äu Bagging

�8¤ÆS�.¢y��gÄuÿ. Abualsaud

�

[128]
ÏLØ a�é�© EEG&Ò?1­�, 2

�^ StackingKÜõ�DÚÅìÆS�.¢y��

u�Ï©a. Akyol[129]�^õ� DNN ÄÆSì©

Oé�© EEGÑ\&Ò?1ÆS, ,�òÙ©a(

JÑ\e����ÆSì?1 StackingKÜ, ��

���©a5U.

3.7 ÌÄÆS

ÌÄÆSl�þ�I5��¥ÀJ�^���

?1I5, l
�±ÏL���I5������

�©a�J. ÌÄÆSé·Ü��uÿ, ÏǱ EEG

&ÒéN´¼�, �3¢SÔö��uÿ�.�, Ǳ

&Ò�I\�~¤�y�, ��)�5é�Kú, 


ÌÄÆS�k��)ù�¯K. ÌÄÆS�Ø%3
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