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Physiological Signals Based Affective Computing: A Systematic Review

QUAN Xueliang1 ZENG Zhigang1 JIANG Jianhua 1 ZHANG Yaqian2 LU Bao-Liang 2 WU Dongrui1

Abstract Affective computing is an important research area in modern human-machine interaction. It aims to de-

velop systems that can recognize, interpret, analyze and emulate human emotions. Physiological signals, e.g., electroen-

cephalogram, electrocardiogram, galvanic skin response, etc., are important inputs in affective computing. This paper

summarizes recent progresses on physiological signals based affective computing, particularly, electroencephalogram based

affective computing. It first introduces the basic theories of affective computing, the relationship between the changes

of physiological signals and affects, the flowchart of physiological signals based affective computing, and common public

datasets. Next, it introduces typical feature engineering and machine learning algorithms, particularly transfer learning,

active learning and deep learning. Finally, it points out some challenges and future research directions in physiological

signals based affective computing.
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Fig. 1 A brief history of affective computing research.
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Table. 1 Common physiological signals in affective com-

puting.

)n&ÒaO =©¶¡ =© �

M>ã Electroencephalogram EEG

*>ã Electromyogram EMG

%>ã Electrocardiogram ECG

ú>ã Electrooculogram EOG

%ÇCÉ5 Heart Rate Variability HRV

�Ç>�A Galvanic Skin Response GSR

�Ç>A� Electrodermal Response EDR

�Ç>¹Ä Electrodermal Activity EDA

ÉØ&Ò Blood Pressure BP

�Ç§Ý Skin Temperature ST

�á�ª Respiration Pattern RSP

1>NÈóÈÅ Photoplethysmogram PPG

úÄ&Ò Eye Movement EM

óÈ&Ò Pulse Rate PR

É��ÚÝ Oxygen Saturation SpO2
.
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Table. 2 Frequency bands of EEG.
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Table. 3 Statistics of physiological signal based affective

computing Google Scholar publications since 2010.
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ÉØ Blood Pressure 7

óÈ Pulse Rate 4

�Ç§Ý Skin Temperature 3
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É� SpO2 OR (Oxygen Satura-

tion) OR (Blood Oxygen)
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Table. 4 Some recent studies on physiological signals based

affective computing.
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� (Differential Asymmetry, DASM)!�©��Ø
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[21, 33].

DEAP (Database for Emotion Analysis us-
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Table. 5 Popular public affective computing datasets.

êâ8 SN`² ?Ö�.

MAHNOB-HCI[34] 27¶�Á� EEG9õ«)n&ÒÚã¡!Àª&E VAD�.

RECOLA[35] 46¶�Á� ECG!EOG9Ñª!Àª&E VA�.

DECAF[36] 30¶�Á� EOG!ECG!EMGÚÀª&E VA�.

ASCERTAIN[37] 58¶�Á� EEG!ECG!GSRÚã¡&E 5«�XaO, VA�.

AMIGOS[38] 40¶�Á� EEG!ECG!GSR9ã¡!Àª&E 5«�XaO, VA�.

DEAMER[39] 23¶�Á� EEG!ECG VAD�.

RCLS[40] 14¶�Á� EEG 3«�XaO

MPED[41] 23¶�Á� EEG!ECG!RSP!GSR 7«�XaO

HR-EEG4EMO[42] 27¶�Á� EEG p,!Æúü«�XaO

SEED[21, 33] 15¶�Á, z¶�Á3g¢�� EEG 3«�XaO

SEED-IV[33] 15¶�Á, z¶�Á 3g¢�� EEG!EM 4«�XaO

DEAP[43] 32¶�Á� EEG!EOG!EMG!GSR!RSP!BP!ST VAD�.

w 40ã�ÝǱ 1©¨�ÑWÀª, ¿W�g·µ�

þL (Self-Assessment Manikins, SAM). g·µ�

þL�¹�2Ý (Arousal)!�dÝ (Valence)!|

�Ý (Dominance)ÚU�Ý (Liking)�&E. 
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¶�Á3*wÀª��¡ÜL�&EǱ�¹3êâ

¥¥. 'u DEAPêâ8��[�&E�ë�[43] .

5 )n&ÒAÆ?n

3Äu)n&Ò��X£O?Ö¥, )n&Ò

AÆ?nÚ©aì�O´KǱ�X£OO(Ç�ü

�'�Ï�. �!­:0�ÄuM>Ú%ÇCÉ5

��X£O?Ö¥)n&Ò�AÆ?n�{, ±9

ØÓ)n&ÒAÆKÜé�X£O�J�KǱ.

5.1 EEGAÆJ�!²w�ü�

EEG &Ò´õÏ��mS�, lDÚ&Ò?
n�ÆÝ©Û, EEG &Ò�±J��AÆÌ��
)��AÆ!ª�AÆÚ�ª�AÆ

[44, 45] , Ǳ�Ï
LlÑ�ÅC�

[46]
��ª?1AÆJ�. 8
,

3�X£O?Ö¥, �«�Ǳk��~^�AÆ
J��ªǱ�©�AÆ (DE). �©�AÆdDuan
�

[47]
u2013
JÑ, ÙO�úªǱ:

h(X) = −

∫ +∞

−∞

1
√

2πσ2
e
−

(x−µ)2

2σ2 log

(

1
√

2πσ2
e
−

(x−µ)2

2σ2

)

dx

=
1

2
log

(

2πeσ2
)

.

Ù¥, �mS� X Ñlpd©Ù N(µ, σ2). Duan

�3 SEED êâ8� 6 �^rþ?1
�X£O

¢�, �y
 DEAÆ�X£Ok�5. d	, du

�MØÓ©«É�e-�¬�)ØÓ§Ý�A, Ä

u DE AÆ, Duan �qJÑ
�©��Øé¡�

(DASM)Ú�©��Øé¡û (RASM)ü«AÆ.

±þ EEG &ÒAÆJ��ªÌ��ÄÊÏ>

&Ò�~5AÆ. �aMÅ��¥, �éM>&

Ò�AÆJ�, ØÓ>4Ï�ÚÉÁö5O´I

��	�Ä�Ï�. Ǳd, Moon �[48]
3�X£O

?Ö¥�Ä
�MëÏ5AÆ5k�ÓP�é¡

��M¹Ä�ª, ¿�õÇÌ�ÝAÆ|Ü�Ǳ

òÈ ²�ä�Ñ\^u�.Ôö. Ù¥, ü�

>4ëÏ5�O��Ik��Ö�'Xê (Pearson

Correlation Coefficient, PCC)!� £½� (Phase

Locking Value, PLV)Ú� ¢��ê (Phase Lag

Index, PLI).

I5Úå5éu	.�¸��Xa��3é�

��É, ù¬3M>&Ò¥k¤�A. 3�X£O¯

K¥, Yan �[49]
�ïÄ(JL², 3õêªãÚM

«, å5�M�¹�§Ý�$uI5, 
Ù´éu

�ê�X. �I5�', å53�ê�Xe�kõ�

5, 
I5K3Æú�Xek����N�É. 3|

^M>&Ò©ÛØÓ5O3�Xpu��'�M«

ïÄ¥, Yan �[50]
�¢�(JL², éuI5Úå

5, ØÓ�Xe� ²�ªý­uØÓ�'�M«,

Ù¥å5 mýz
I5 �ýz. ùü�ïÄ(

JÑL²
5OÏ�é�X£O�J�KǱ, ,


8
¿vk�é5OAO�O� EEG&ÒAÆJ

��ª.

du EEG &Ò´��5�mS�, Soroush

�

[51]
JÑ
�«�~#L�AÆJ��ª, ��ò

M>��m­�¿=�¤#�G��m, ,�|^


\4²¡éG��m?1êÆ£ã, l
éM>

ÄåÆ¢yþz¿?1AÆJ�. I��Ñ�´, ù
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«�ª¤J�Ñ�AÆ¤LÆ�)n¿Â8
�Ø

²(, ÿ�?�ÚïÄ.

±þAÆÑ´�óJ��. |^ ²�ä?1

�ÝAÆJ���'ó�3 6.3.1!¥?10�. é

�óJ��AÆ?1²w?nUJpÙ�þ. Ó�,

éAÆ?1ü�?nUk�~��.Ôö�m.

3J��AÆS�¥, Ø
��X�'�M>

AÆ, �U�¬�,Ù��M¹Ä�)�M>AÆ,

XfúÚÀú�1Ǳ�)�Ak�M>AÆ. Ǳ


�|^��X�'�AÆS�, I��Øù
�'

¤©. �XCz��Ø¬�~ì�, 
´²�­½

�. 3¢Sö�¥, ���AÆS�~~�±*	

�ì��Cz. dd��, M>AÆS�pCz�

~ì��Ü©  ´d�X�'�M>¹Ä�Úå

�, �±|^�XCz�ú�A5éÙ?1�Ø. ~

^�M>AÆ²w�{kwÄ²þ²w�{Ú�5

ÄåXÚ²w�{

[52]. Pham�[53]
é EEGAÆ�

^ Savitzky-Golay �{?1
²w?n. Savitzky-

Golay ²wì´�«ÄuÛÜ����õ�ª%C

�êâ²w�{, �±3�±Å/¸�/GÚpÝ

�Ó�ü$D(.

d	, duM>&Ò�AÆ�ê�p, ���

.ÔöI�����mm�. Ǳ
k�ü$AÆ�

ê, Hu �[54]
3Äu EEG �5¿å£O?Ö¥�

^
Äu�'5�AÆÀJ�{. Zheng�[55]
3Ä

u EEG ��X£O?Ö¥, JÑ�^+DÕ;.

�'5©Û (Group Sparse Canonical Correlation

Analysis, GSCCA)?1 EEGÏ�ÀJ. Ozerdem

�

[56]
�^<ó ²�ä3�X£O?Ö¥?1


EEGÏ�ÀJ�'ïÄ. ��5¿�´, 3M>&

ÒÏ�ÀJ�ïÄó�¥, duØÓïÄöæ^�

ïÄ�{ØÓ, ¿�?Ö|µ!¤�^�M>��

�ÑØ��Ó, �ªÀJ� EEG&ÒÏ�Ǳ�3�

O.

5.2 	�)n&ÒAÆ?n

� EEGØÓ, 	�)n&ÒÏ�êé�, Ï


�A�AÆJ��ªǱ��. I�?1AÆJ��

	�)n&ÒÌ�k%>!*>!�Ç>±91>

NÈóÈÅ. Picard�[57]
JÑ 6«)n&Ò~^�

DÚÚOAÆ, �)�©&Ò�þ�!IO�!��

�©ýé��þ�!���©ýé��þ�, ±95

�z&Ò���Ú���©ýé��þ�. ù 6 «

DÚ�AÆJ��ªÑ�±^3%>�)n>&Ò

þ.

Äu%>ã (ECG) ���Úª�&E�±©

OO�%Ç (HR)Ú%ÇCÉ5 (HRV)[39], ù´Ä

u%>��X£O?Ö¥�Ǳ~��ü�AÆ. ï

ÄL², <3pu����¡�X�, %Ç�¸��

U¬O\, 
%ÇCÉ53É��ê½¯W�e-

�¬�³�, �X²·�K¬¡E�~. d	, Äu

%>ã¥ QRSÅ+O��þ�!IO��ÚOAÆ

éu�X£OǱk�½�Ï. ?�Ú/, ��±ÏL

²���©)¼� ECG��Æ¼ê9éA�℄�

ªÇAÆ

[58], ½ö|^�Å�i;ÚlÑ{uC�

J� ECG&Ò� MP (Matching Pursuit)Xê�

Ǳ�aO�AÆ

[59]. ��, p�ÚOþ (High Order

Statistics, HOS)Ǳ�^uOr%>&Ò� R¸u

ÿÚûª©a.

�%>�', �Ç>&Ò (GSR)�AÆJ�Ì

�ǱÄu��½ª�&E�ÚOAÆ

[60] , X¥ ê!

þ�!IO�!���!���!���©!���

©�²;ÚOëê

[61] , ½öp�� ÝÚ¸ÝAÆ.

ª�¥��±O���ÌÌéA�ªÇ±9�
Ä

up�Ì�&E

[62] . d	, GSR&ÒǱ�ÏLlÑ

{uC�J� MPXê[59]. 3äN��X£O?Ö

¥, du¤J���
p�AÆ¤LÆ�)n¿Â

Ø´n), ��^ PCA!LDA��{éù
ÚOë

ê?1AÆÀJ, ±Jp�X£O�J[59] .


©J��p�ÚOþ´�«k��AÆJ�

�ª, �2�A^u)Ô&Ò?n�+�[63] . ��

�Ú��ÚOþ�', Äu HOS�ëê�·Ü�p

dÚ��5XÚ. äN/, p�AÆ¥ 3 �� Ý

(Skewness)Ú 4��¸Ý (Kurtosis)AÆ
Ǳ~^.

 Ý�êâ©Ù3Ùþ�±��Øé¡§Ý, ¸Ý

�©Ù�Ü�éu��©Ù��éP{§Ý. éu

¡Ü*>&Ò (EMG), p�ÚOAÆ��uDÚÚ

OAÆU�k�/�3 EMG¥��X&E.

Øp�ÚOAÆ	, é EMG ?1lÑ�ÅC

�Ǳ´�«~^�AÆJ��ª

[64, 65]. ÄulÑ

�ÅC���ëêAÆJ�´�«#L�ò*>&

Ò©)�ØÓªÇ����{. �¯�Fp�C�

(FFT)½á�Fp�C� (STFT)�DÚ�{�',

lÑ�ÅC�Jø
k���ª©EÇ, ��Ǳ´

)Ö*>&Ò¥��XG�&E�k��ã. äN

/, |^lÑ�ÅC�é*>&Ò?1©), ��Ø

ÓªÇ��S��ÅXê, �â�ÅXêO�Ñ�

©&Ò�õÇ�ÚOAÆ^u�X£O?Ö.

1 > N È ó È Å (Photoplethysmogram,

PPG) £PEâ´ù	��uÿEâ3)Ô�Æ

¥�A^, Ì�^u<N$Ä%Çuÿ. Ù�nǱ:

ÏL1>Daì, uÿ²L<NÉ�Ú|�áÂ�

���1rÝ�ØÓ, £PÑÉ+NÈ3%Ä±Ï

S�Cz, l���óÈÅ/¥O�Ñ%Ç. 3Äu

)n&Ò��aO�¥, Ø
�±ÏL PPG&ÒO

�Ñ%Ç^u�.�Ñ\, PPG&Ò3��!ª�
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¥�þ�!IO��²;ÚOëêǱ�±�Ǳ�.

Ñ\

[61]. d	, 
\4�¡�±þzp���m¥

;,�AÛ�ª, ò PPG&Ò�����m?1­

�, ,�/¤ØÓ�
\4�¡, ?
�±J�AÛ

�I�Ǳ PPG&ÒAÆ[66]. Ǳ
Jp�X£O�

.°�5, Ǳ��^âfÈÅì�Ø PPG&Ò¥�

D(

[67].

3�aO�¥, ú>ã (Electrooculogram,

EOG) ´�«���^�)n>&Ò. EOG &Ò

�þ�!IO�!&ÒUþ±9J�Ñ�ºúªÇ

�&Eéu�X£Ok�½�Ï

[68] .

	�)n&Ò¥, Ø±þJ��%>!*>!�

Ç>!1>NÈóÈÅÚú>�)n>&Ò, %Ç!

%ÇCÉ5!óÈ!óÈCÉ5 (PRV)!�Ç§Ý!

É��ÚÝ!�á�ª!ÉØ

[69]
�k²()n¿Â

�&ÒǱ²~�Ǳ�X£O�.Ñ\. Ù¥%Ç

CÉ5�±ÏL%>½óÈ?1O���, Ù��

XG��m�éX��
�õïÄ

[70–72]. HRV Ú

PRV���½ª�ÚOëêéu�X£OǱk�½

�Ï

[73]. 
\4Ñ:ã´����mþ��mS�

L«. �mS��ÄåÆÏL
\4Ñ:ã�N´

n), Ï
Ǳ�|^
\4Ñ:ãé HRVÚ PRV

S�?1©Û

[74].

o(5`, 	�)n&Ò�AÆJ�Ì��©

Ǳ 3a. �´äk²()n¿Â�&Ò, Ì��)%

Ç!%ÇCÉ5!óÈ!óÈCÉ5!�Ç§Ý!É

��ÚÝ!�á�ªÚÉØ�A«. �´Äu%>!

*>!�Ç>!ú>Ú PPG�)n>&Ò3��½

ª�¥¤J��þ�!IO�!���©!���©

�DÚÚOAÆ. n´Äu%>�)n>&ÒJ�

� Ý!̧ Ý�p�ÚOAÆ, ½|^
\4N�!

lÑ�ÅC��J��AÆ.

5.3 )n&ÒAÆKÜ

3�X£O?Ö¥, òM>!%>�õ«)n&

Ò�AÆ|Ü3�å�Ǳ�.�Ñ\, kÏuJ,

�X£O�J.

Zheng�[75]
KÜM>AÆ�úÄ&ÒAÆ?1

�X£O. Guo�[76]
?�ÚKÜ
ú«�ã�&E,

¿é'
ù 3 «��&Ò3ØÓ|Üe��X£

O�J. Becker �[42]
é'
M>!�Ç>!%>!

�á!É�!óÈ�ØÓ)n&Ò|Ü��X£O

O(Ç. ¢�(Jw«, ØÓ)n&ÒAÆéu�

X£Oäk�½�pÖ5

[77] , X3n©a�X£O

?Ö¥, M>&Ò�N´«©�¡ÚK¡�X, 


úÄ&Ò�éuM>&ÒU��/«©¥5ÚK

¡�X. Wu �[78]
�^éÜDÕL« (Joint Sparse

Representation, JSR)òAÆKÜ¯K=zǱ`z

¯K, òØÓAÆ�DÕÝ
(Ü3�å, �ª��

¤kAÆ�éÜDÕL«. d	, éõïÄöǱ�^

�ÝÆS?1õ��)n&Ò��aO�, �'ï

Äó�ò3 6.3.2!¥0�.

Ø
òM>&Ò�Ù�)n&Ò?1AÆKÜ,

Thammasan �[79]
3ÑWpu��X£O?Ö¥,

ò EEGAÆ�ÑWAÆ?1KÜ, ù´���~#

L�ó�, Tó�y²
ÑW��AÆUk��)

EEG�Ø­½5.

þãó�Ñò EEG AÆ�Ù�&ÒAÆKÜ

?1�X£O, �Ñ�ÑM>&Ò�Ù�)n&Ò

�m�3pÖ5. KÜõ)n&Ò��X£O´8


Ú�5���­�ïÄ��.

6 �aO�¥�ÅìÆS

�aO�¥,��Ø%¯K´�a�.��O.

Ù¥¤�9��ÅìÆS�{Ǳ´�©­:ïÄ�

o(�ó�.

Doma �[80]
3 DEAP êâ8þé'
 PCA!

È���d!Ü6£8!kNN!|±�þÅ!ûüä

�DÚÅìÆS�{�5U, Ù¥ PCAÚ SVM�

Ly�é��. �´, ùp�(J�êâ8Ú¢��

��', ¿Ø�½Uí2�Ù�¯K¥.

ÄuM>�)n&Ò��X£O�{ïÄÌ�

�)[£ÆS!ÌÄÆS!�ÝÆS�.

6.1 [£ÆS

[£ÆS

[81]
Ì�^u?nÿÁêâ�Ôöêâ

ØÑlÕáÓ©Ù�|µ, �~·Ü?n�aO�

¥��N�É¯K. äN/, �aO�¥�[£ÆS

�^
� (5gÙ�^r�êâ½�£) 5�Ï8I

� (#^r)?1ÆS. Wu�[82]
nã
 2016
±5

[£ÆS3MÅ��¥�A^, �)ÄuM>��

aMÅ��XÚ.

DÚ� [£ÆS� {k[£ ¤©©Û

(Transfer Component Analysis, TCA)[83]!�í

ªëê[£ (Transductive Parameter Transfer,

TPT)[84]!TrAdaBoost[85]!º�[£N� (Style

Transfer Mapping, STM)[86, 87]��{. Zheng

�

[88]
é'
TCA!KPCA (Kernel Principal Com-

ponent Analysis)[89]!TPT�n«[£ÆS�{3

SEEDêâ8þ�Ly, uy TPT�J�`. TPT

Äk3õ�
�^rþ©OÔö SVM©aì, 2Æ

Sz�
�^r�©aìëê�êâ©Ù�m�£

8¼ê, ��±8I�^r�êâ©ÙǱÑ\, ÏL

£8¼ê��·^u8I�^r�©aì.

Zhang �[85]
3�X£O?Ö¥, JÑ�«Ä

u�N�qÝ�[£ÆSµe. äN´ÏL�
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^��þ��É (Maximum Mean Discrepancy,

MMD)[90]é�N�É5?1Ýþ, ,��^ TrAd-

aBoostÔö�.. MMD�O�úªǱ:

MMD2(X,Y ) =

∣

∣

∣

∣

∣

∣

∣

∣

ns
∑

i=1

φ(xi)−
nt
∑

j=1

φ(yj)

∣

∣

∣

∣

∣

∣

∣

∣

2

H

Ù¥, X Ú Y ©OL«
�Ú8I��©Ù, ns Ú

ntL«
�Ú8I����ê, φL«N�¼ê.

Li�[91]
òº�[£N�A^�ÄuM>&Ò�

õ
�ª^r�a£O. [£º�N�´ò8I�

�êâN��
�AÆ�m¥, l
�3
�Ôö

�©aì38I�¥ǱU�����ÿÁ�J.

þãïÄ(JL², 3ØÓ�X£O|µ¥, À

JÜ·�[£ÆS�{éu�X£OO(Ç�J,

k�½�Ï. �±þ3Ó�êâ8SÜ?1ª^r

[£ØÓ, Lan �[92]
Äg?1
ªêâ8[£��

X£OïÄ, �´ÙO(Ç�ké��J,�m. x

�9�

[93]
JÑ�«#�lú«�×À;,?1�£

[£�É�[£ÆS�{. ��Ú\
Äu×À;

,ÚÄuM>&Ò�ØÝ
, ¿JÑ
U?��í

ªëê[£ÆS�{, ±¢yª�ÁM>�a�.

��ï. T�{�DÚ�{�', äkü�`:: �

´|^
8I�ÁN´¼��úÄJlêâ?1�

Á[£, �´38I�Á�kúÄJlêâ��¹

e, E,U
lÙ��Á�{¤êâ¥Æ�M>&

Ò��XaO�O&E.

6.2 ÌÄÆS

3ÅìÆS?Ö¥,   I��þkI\Ôö

êâ±¼���5U. �´, 3Nõ¢SA^|µ

¥, ¼��I5�êâ�éN´, I5L§%é(

J, Ï~I�Ý\�þ�mÚ<å℄
. êâI5J

¯K3�aO�¥
ÙâÑ. ~X, 3�Ñ&Ò��

a�O¯K¥, �±éN´/P¹�þ�Ñ, �´�

é�Ñ?1n��Ý�µ�

[94](��Ý!�2ÝÚ`

³Ý), µ�öL�E�f, 
[u�. d	, du�

a�OäkÌ*5, �Ü©êâ�U��3[��

É, Ï~I�õ�µ�ö. ~X, VAM�Æ¥[95]
^

� 6-17�µ�ö, IADS-2[96] ^��L 110�µ�

ö.

Ø

!0��[£ÆS�{	, ÌÄÆ

S

[97]
Ǳ�^5�Ìü$�aO�¥�I5êâ

þ

[98–104]. ÌÄÆSl�þ�I5êâ¥ÀJ�

þ�k^�êâ5I5 (¿�¤kÔöêâÑ´²

��), l
�±^���I5êâÔöÑ����

..

Wu Ú Parsons[98]�^ÌÄaOÀJ (Active

class selection) ?1Äuõ«)n&Ò��2Ý

(Arousal) ©a, ��'DÚI5����J: �^

Ó�êþ�I5êâ, ÏLÌÄaOÀJÀÑ��

�U
��'�ÅI5���p�©aO(Ý. Ì

ÄaOÀJ�Ä�g�´3õ©a¯K¥`zz�

aOAI5���þ, 
Ø´��aOI5Ó�ê

þ���.

Wu�[103]
Ǳ?1
ÄuM>&Ò�f¨
�N

G��O. ÏLÌÄÆSÀÑ3Ñ\�ÚÑÑ�þ

õ�5Ñp�M>��?1I5, U��'�ÅÀ

J��I5�$��OØ�.

���J�´, ÌÄÆSÚ[£ÆSǱ�±�

p(Ü, ��'üÕ�^ÌÄÆS½[£ÆS��

��J. Wu�[99]
JÑ�«KÜ[£ÆSÚÌÄa

OÀJ��{, 3Äuõ«)n&Ò��2Ý©a

¯K¥��'üÕ�^[£ÆSÚÌÄaOÀJ�

p�O(Ý.

6.3 �ÝÆS

�X�ÝÆS�¯�u�, Ù3�aMÅ��

¥Ǳ��
�5�õ�A^

[21, 105–108]. Äu�ÝÆ

S��aMÅ��Ì�k±en�ïÄ9:: �´

|^�ÝÆSEâ�÷M>&Ò¥����aAÆ;

�´|^ ²�äòM>&Ò�Ù�)n&Ò?1

�ÝKÜ; n´|^�Ý[£ÆSEâJ,ÄuM

>&Ò��X£OO(Ç.

6.3.1 �ÝAÆJ�

¯õïÄL², M>&Ò9Ù�	�)n&Ò

�Cz�<��XCz�m�3�õéX

[16, 21, 47] .

�ÝÆSUk�ÆS�����AÆL«, é�÷

)n&Ò¥¤%º��aG�&Eké��Ï. L 6

o(Úé'
ØÓ ²�ä�.3�X£O?Ö¥

�Ly.

3ÄuM>�)n&Ò��X£O¥, L 6 ¥

J��ØÓ�ÝAÆL«�ª��uDÚ��óA

ÆJ�äk���J, �Ù¤ÆS��AÆǱ�J

�n). ,	, Äu)n&Ò��aO�´�
�

#�ïÄ+�, �X£O�|µ��ÿ�Ú�IO,

Ï
lk�¢�(J¥éJo(Ñ=«�ÝÆS�

{�J��. 'X, Yang�[114]
ÚWang�[115]

Ñ3

SEEDêâ8þ?1
�'¢�, �du¢�|µ

��ØÓ, ØU�´�ǱV��áÏPÁ ²�ä

'äkf�!:�©��ä�.�·ÜÄuM>�

�X£O.

6.3.2 õ�)n&ÒKÜ

ÄuM>�)n&Ò��X£�,��ïÄ�

:´XÛKÜõ«��)n&Ò. ØÓ���)n

&Ò�¹
<a�a�ØÓ&EL«, k�KÜØ

Ó���&EU
k�Jp�aO�XÚ5U.
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L 6 ØÓ�ÝAÆJ��ª9�J.

Table. 6 Different deep learning methods of feature extract and their effects.

�ö9ë�©z  ²�ä�. êâ8 O(Ç

Yin�[109]
æUªg?èì DEAP 83.0%(Valence/2)!84.1%(Arousal/2)

Fourati�[110]
£(G��ä DEAP 71.0%(Valence/2)!68.3%(Arousal/2)

Ren�[111]
KÜ�MØé¡A5�£(G��ä DEAP 78.2%(Average/4)

Liu�[112]
õ�gAÆÚ��K�ä DEAP 98.0%(Valence/2)!98.3%(Arousal/2)!

98.3%(Dominance/2)

Wu�[113]
'�f�äÀJ SEED 81.5%(Average/3)

Yang�[114]
äkf�!:�©��ä�. SEED 85.7%(Average/3)

Wang�[115]
V��áÏPÁ�ä SEED 95.0%(Average/3)

Zhang�[116]
C©´»ín SEED 94.3%(Average/3)

Cimtay�[117]
òÈ ²�ä SEED 73.7%(Average/3)!82.9%(Average/2)

5: (Valence/2) L« Valence�Ý 2©aO(Ç, (Average/4) L«�X 4©aO(Ç.

Ǳ
ÆS EEG &Ò�Ù�)n&Ò�m��

'5, Ma�[118]
JÑ
�«õ��í� LSTM�ä

�. (Multimodal Residual LSTM Network, MM-

ResLSTM), T�.Q�¹í��äJø��m¯

$�ª´», Ǳ�¹ LSTM�äJø��m¯$�

ª´», ?
U
p�/ÆS���a�'���

AÆL«.

Zheng �[33]
JÑ
�«Äu 6 �é¡E�

EEG>4 (FT7!T7!TP7!FT8!T8!TP8) Úú

Ä&Ò?1�a£O�õ��µe. kò EEG&Ò

�úÄ&Ò��?AÆ?1�ÚKÜ, ?�Ú�^

V¸�Ýg?èì (Bimodal Deep Auto-Encoder,

BDAE) 5J� EEG &ÒÚúÄ&Ò���AÆ

L«. Liu �[119]
�^�Ý;.�'5©Û (Deep

Canonical Correlation Analysis, DCCA)KÜM>

�úÄ&Ò.

Rayatdoost �[120]
�O
�«ª��?èì5

éÜÆSl EEG!EMG Ú EOG�&Ò¥J��

AÆ. Tª��?èì´�«L����?è�ä,

kò EEG&ÒØÓªã� PSDAÆ=�¤ªÌ/

/ã, ,�ÏLòÈ�äJ�#�AÆ, ÆSé�X

G����5LÆ. TLÆ± EMG Ú EOG AÆ

¥J��¡ÜL�AÆǱÚ�, �±�éA½��

X£O?Ö?1`z.

Ø±þJ��'uõ��)n&ÒKÜ�ïÄ,

3õ��|µe, ��3��&E"�!I\&EØ

����¹. Du �[121]
�éT¯K, JÑ
�«õ

Àã�Ý)¤�., �±ÆS�õ���éÜ�Ý

L«, Ó�U
éz����­�5?1µ�. ?�

Ú/, òõÀã�.*�Ǳ�iÒÆSµe, ±)û

êâI\"�¯K. �é��êâ"�¯K, K´ò

"��ÀãÀǱ��ÛCþ, ,�3ínL§¥?

18¤.

6.3.3 �Ý[£ÆS

�DÚ���Ý[£ÆS�', �Ý[£ÆS

3Nõ?Ö|µ¥UwÍJ,[£ÆS�J, Ù3

�X£O¥ǱkNõ�'ïÄ.

ÉDÚ[£ÆS�{ TCA �éu, Long

�

[122]
JÑ
�Ý�äg·A (Deep Adaptation

Network, DAN)�{, 3 ²�ä����^õØ

MMD (Multi Kernel MMD, MK-MMD)[123]é


�Ú8I�?1·�, ±�)�m�É. Li�[124]
ò

DAN µeA^��X£O?Ö¥, ��
'DÚ

[£ÆS�{�p�O(Ç. �[£ÆS¥�é

ÜVÇ·��{ (Joint Distribution Adaptation,

JDA)[125]�q, Li �[126]
3�^ ²�ä?1�a

O�ï��, 3�ä�f��^é|Ôö5·�>

Æ©Ù, ���^ÆÓrz��ª·�^�©Ù, l


¢y
�Ú8I��éÜ©Ùg·A.

C
5, �X ADDA[127]
�Äué|Å��[

£ÆS�{�JÑ, �Ýé|�ä[£Åì¤Ǳ

�Ý[£ÆS�{¥�Ì6. 3ÄuM>�ª

�Á�X£O?Ö¥, Luo �[128]
JÑ
�«Äu

Wasserstein )¤é|�ä[129] (Wasserstein Gen-

erative Adversarial Network, WGAN)��·A�

{ (WGANDA), �)
�Ú8I�)¤ì!�Oì

Ú©aìo�Ü©±9ýÔöÚé|Ôöü�Ú½.

3ýÔö�ã, WGANDA ÄkÏLü��)¤ì

ò
�Ú8I�N����p�ú��m. 3é|

Ôö�ã, WGANDA �^é|��ª~�ü�N

��ål. WGANDA U
é�/)ûª�Á�X

£O�.¥�3�� £¯K.
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Ma�[130]
3�é|�ä (Domain-Adversarial

Neural Network, DANN)[131]�Ä:þJÑ
�í

��ä (Domain Residual Network, DResNet). Ù

Ä�g�´, �½ k���Ôöêâ, �.�AÆJ

�ì�¹�������I\&EëêÚ k �©�

������ �ëê. T(�aqí��ä, `:

´ÙǱ����zµe, 3�a�.Ôö�ãØI

�8I��Á�?Û&E.

du�M��m�¥�mäkØé¡5, Li

�

[132]
òÙ�é|Å�(Ü, JÑ
V�¥�é| 

²�ä�. (Bi-hemispheres Domain Adversarial

Neural Network, BiDANN). T�äò�M�m�

¥� EEG&Ò©ON��´u«©�AÆ�m¥,

l
�êâ�AÆL«�N´©a, ¿3ýÿL§

¥�^���ÛÚü�ÛÜ��Oì, ± �ÿÁ

êâÚÔöêâ�m�©Ù�É.

±þ�Ý[£ÆS�{3�X£O¥Ñ��


����J. ��5¿�´, 3ÄuM>½Ù�)n

&Ò��X£O?Ö¥, ¯õ�ÝÆS�{Ñ´Ä

uòÈ ²�ä?1�. �k�Ü©ó�[133, 134]
ï

Ä
 LSTM3�X£O?Ö¥�A^. duM>�

)n&ÒǱ�mS�, 
 LSTM�Ì� ²�ä'

òÈ ²�ä�·Ü?n�S&E, Ù3Äu)n

&Ò��aO�¥�A^��?�ÚïÄ.

d	, ã�ä´C
5�ïÄ9:, Ǳkï

ÄöòÙÚ\��X£O¥, ^±�)�N�m

��É5. Zhao �[135, 136]
�^p��'�.�

�ã(�5�ï)n&Ò�<��m�'X. �

Ä�3�ã¥ØÓº:!�>Ú�ª�­�5Ø

Ó, ?�ÚJÑº:\�õ�ªõ?Ö�ãÆS

(Vertex-weighted Multi-modal Multi-task Hyper-

graph Learning, VM2HL) 5�ï�5z��X£

O�.. Song �[137, 138]
JÑ
��g·Aã (In-

stance Adaptive Graph, IAG)ÚÄ�ãòÈ ²�

ä (Dynamical Graph Convolutional Neural Net-

works, DGCNN) �.^u�)�N�É5, ÏL

ã(�5L«ØÓ«�M>�m�Ä�'X. d	,

Song��JÑ
�«DÕã/L«, ±J��õ�

k«©5�AÆ.

7 Äu)n&Ò��aO�ïÄ℄Ô

ÄuM>�)n&Ò��aO�ïÄǱ,®�

��õ?�, �´�,�3e�℄ÔÚI�?�Ú

ïÄ�¯K:

1. �aO�Ä:nØïÄ. 8
'u�X£O�

nØÄ:Ì�klÑ.�.ÚëY.�.. �

ö�mǱ,k�½'é, �´ÿ�/¤Ú��

nØµe. d	, �aO�¥�	w&E (Xp

,!Æú��XaO) �SÛ&E (X EEG &

ÒØÓªãéAp,!Æú��XaO�&Ò

AÆ)�m�éXǱ��?�ÚïÄ. �÷Ñ�

ö�m�éXéun)M>&ÒL«�ØÓ�

XG�k�~­���^.

2. 	Üpu�X�SÜpu�X�m��É5¯

K. 8
úm�^u�aO��êâ8A�Ñ

´æ^ã�!Àª!Ñª�	Ü�ªpu�XC

z. ù
Ñ´�Ä��XCz, �y¢|µ¥�

NÌÄ�)��XCz�m�3�É, Ǳ�U

���ö�M>&Ò�3�É. Ïd, XÛ)û

	Üpu�XCz�SÜÌÄ�XCz�m�

�ÉǱ´����ïÄ��K.

3. )n&Ò�p�þæ8Úý?n. �aO�¥

�^� EEG!EOG!EMG!HRV!GSR!ST

�õ«)n&Ò, ¤I���õ, ¢�¥I��

þ~�&Òæ8L§¥�D(. Ù¥M>&Ò

�æ8�ǱE,, ¿�M>&ÒN´É�	.

Ï��Z6, ¢�I�Ñ¤�½��mÚ°å.

p�!p�þ/æ8M>�)n&Ò´�aO

��­��!. é�©M>&Ò�ý?nǱ�

~­�. k��ý?n�±�Ø�©M>&Ò

¥�D(, Jp&Ò�þ, kÏuAÆJ�.

4. )n&Ò�AÆJ�!ÀJÚKÜ¯K. ØÓ)

n&ÒkØÓ�AÆJ��ª, ±M>&ÒǱ

~, ÙAÆJ��ª«a�õ, ~^�AÆkõ

ÇÌ�Ý!�©�!�©��Øé¡�!�©�

�Øé¡û!lÑ�Å©Û!²���©)−�

�� (EMD−SampEn)!ÚOAÆ (þ�!��

�)�. XÛJ�Ü·�AÆ½KÜØÓAÆ�

Ñ¬é�aO��.�)­�KǱ.

5. �N�É5¯K. duØÓ�Á�N�m3)

n!%n��¡Ñ�3�É, éuÓ���Xp

uÀª, ØÓ�N¤pu��XØ�½���

Ó. =��)�Ó��X, du�Nm)nþ�

�É, ¤�)�M>�)n&Ò��Ǳ¬�3

�½�É. k�)û�N�É¯K, l�N�Æ

Ý, �±�ï�5z��aO��.. �du)

n&Ò�æ8ÚI5¬�5���¤�, �ï

�zUå����X£O�.´���é�²

L�)û�{. Jp�aO��.��zUå

���k��{´[£ÆS

[82] .

6. ^rÛh¯K. ^r�<&E�Ûh�o´p

é������­�Ôn��¯K. �aO�

¥æ8�M>�)n&Òáu^r�h<&E,

ÏdǱI�5¿Ûh�o. 8
ù�¡�ïÄ

âffm©

[139, 140].



12 g Ä z Æ � XXò

8 o(

�©éC
5ÄuM>�)n&Ò��aO�

ïÄ?�?1
nã. Äk0�
�aO���'

nØÄ:Ú~^�)n&Òa., ±9lÑÚëY

ü«�X�.. �Xo(
�aO�?Ö��N6

§, �))n&Ò�æ8!ý?n!AÆJ�!AÆ

²w!AÆKÜ!�.Ôö�ÿÁ�, ¿0�
Äu

)n&Ò��X£O~^úmêâ8. ,�­:0

�
Ǳ)û�aO�¥�N�É�[£ÆS�{!

~�I5êâþ�ÌÄÆS�{!±9Äu�ÝÆ

S�)n&Ò����aL«Úõ��)n&Ò�

AÆKÜ��'�{. ��, ©Ûo(
Äu)n&

Ò��aO�+�¡��℄Ô9�5I�?�Ú)

û�¯K.
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