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Research on EEG Data Classification Method Based on Deep

Learning

ABSTRACT

With the development of deep learning and artificial intelligence
technologies, the classification of electroencephalogram (EEG) data has
become a key issue in the research of medical, psychological and other
fields. The signals used in the field of affective computing can be roughly
divided into two categories: non-physiological signals (such as facial
expressions and voice) and physiological signals (such as EEG and
electrocardiogram signals). Compared with non-physiological signals,
EEG signals have characteristics such as being hard to fake and having
better temporal resolution. Through relatively accurate classification of
EEG signals, purposes such as auxiliary diagnosis of neurological diseases
and mental state monitoring can be achieved. Therefore, research on their
classification holds important theoretical and practical significance.
Currently, numerous research methods have been proposed by domestic
and foreign institutions for the classification of EEG data. However,
studies have shown that existing approaches still have shortcomings in
mitigating overfitting and gradient vanishing, optimizing long-range

dependencies, and achieving effective multifeature fusion. Therefore, this
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paper conducts in-depth research on these issues, with the specific research
work outlined as follows:

(1) For the issues of overfitting and vanishing gradient in binary
classification of EEG data, a self-attention hybrid neural network
classification algorithm was proposed, which used the EEG signal
extraction method of differential entropy feature matrix to achieve better
integration of spatiotemporal features, and then the convolutional neural
network was used to extract the key spatial features to show the
interrelationship between different electrodes, and secondly, through the
self-attention mechanism, the model further refined the time features, and
combined with the bidirectional long short-term memory neural network
to dig deep into the time dependence in the sequence. As a result, the
accuracy and robustness of the model are improved. Finally, by introducing
residual connection, the gradient disappearing, overfitting and other
conditions are reduced. Experimental results on the DEAP dataset show
that the model achieved classification accuracies of 96.75% and 94.95%
for valence and arousal classification, respectively, demonstrating the
feasibility of the proposed algorithm.

(2) There are limitations in modeling long-distance dependencies and
dynamic changes for three-class and four-class classification of EEG data,
a single-feature classification algorithm based on dynamic spatiotemporal

graph convolutional attention network was proposed, which combined the
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advantages of dynamic graph convolutional neural network and multi-head
attention mechanism, and integrated position coding and soft threshold
regularization technology to improve the performance of emotion
recognition from multiple perspectives. Firstly, the dynamic graph
convolution module constructs a graph adjacency matrix through
Chebyshev's polynomial to capture the complex relationships between
electrode channels, learn global and local spatial features, and add residual
connections to enhance information flow. Then, on the basis of the features
extracted by the dynamic graph convolutional network, the Transformer
encoder combined with the multi-head attention mechanism and position
coding to model the temporal dynamic characteristics of EEG signals and
enhance the representation ability of long sequence data. Finally, the
accuracy of sentiment classification is further improved by combining
global feature pooling with multi-layer nonlinear fully connected networks.
On the SEED and SEED-IV datasets, independent and dependent
experiments were conducted to evaluate the model, achieving accuracies
of 82.33% and 61.36% in independent experiments, and 98.54% and 90.25%
in dependent experiments, respectively.

(3) Aiming at the problem of three-four classification and multi-
feature classification of EEG data, a multi-feature fusion classification
algorithm was proposed, which improved the accuracy and robustness of

multi-feature classification by extracting and combining multiple features
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such as differential entropy, power spectral density, differential asymmetry,

and rational asymmetry of EEG data.

Zhu Yao (Computer Technology)

Supervised by Prof. Chen Naijin, Zhang Jingtao

KEY WORDS: deep Learning, classification of EEG data, self-attention
mechanism, hybrid neural networks, dynamic spatiotemporal graph

convolutional network, multi-feature extraction
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1.1 AREERENX

T IBAE R N OB AR B S () 25 5 PR B, 78 H AR G R i 2 o0 FL B 1Y)
ffh. Tk, BEE N LERBARMN AR, 1HE&HE OO Z AR — A
BRI ] NI R I AR A F S M Vm B AL 2 S I B R R L
ST BRI 1 TCVE A T AR 1 B %, (B I TR AR 1 24 P 17 S A B Sy Rt
N R TSI X 23 A [F S BOIRAS 77 . 1971 4F Ekman M1 Fresian & XN
PR, BIPOE. fid. 0. @6, Wa ARl iAoy B
AT I TR T B A R R 730, 1974 4E Mehrabian £ Russell $2 H T 5%
Ay, PR S 1 RS SR R 7 N 1 JR23), AT Sy 7 S v B A 1 At 9 9
TSR IR R 7 2

BEE R ROR AWK e 5500, AR SUZRETR I, R4 52
KIW Bz JE BRI B B VIAR G o X — &3, =T Jivi f, (Electroencephalography , EEG)
15 5 AT I B0 W TSR AL T IR SR 2860l . EEG 2 —Fiudiid /2 N1k R
T8 B AR A%, 10 N — RPN R0 HE 3 L B AR IR BARZRIE i i A5 510,
BT EEG {5 5 RIS R E . BUAEAR, 5B A% B0 s e K i o 28
TOIHTESPRAS, AMUEE AR AIEZNEE, BEE T F 5 B
G I RCARIT T IR w0 28 35 SRS IR NHIF F0 155 Rk ) B 2 B, XA
HAE43 EEG 15 5 25 A L OUSAR 2 772 KRNI FT . 2T EEG B 1
SNTRITERS 5. OB A ZE A AUE AT R A AT 5

1E EEG B0 28008, AL Gblas 25 o) v — e . w6, %87
OB E AT N TRESREL, XA URERT H.25 5 %2 BIRFEE PR BR #1, 7T BE T3k
SREREAL. HIR, BREESCR SN FEHLARMKCIE 5 7 2 RN
TRALFRRIREAE THE o IR 2 2] 7 ki it [ 22 > 0l 1) s 2 UORFAE, RE g Ak 21
J5f BEG (55, WO NLTH, 3—F5FMERE . RS IR AR 42 Y 2%
A3 MR 22 P 286 HAT i R BRI RS ), BEETE 2 Rk % 3] EEG 15 511
I 2o PR , It B SR RIVZ AL B 70, U HAE B AR 2 AT 55 v Je It AT Bt
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DRI, 258 5 25 2 10 g LS50 P 17 28 20 SRR S0 AT KA 2 e fE A B 52
=X

1.2 WX R AR FELN L

1.2.1 AXHHARAE

RS R N AR R AT 5, G AL IR FBE 2 S A0 i FELAES 5 3R AT
PEH A B I A RR R e ] 8. BRI S, A SCER BT T LR B LAE:

(D3 T —Frah G B = L 1R S 2 M 2% (hybrid neural network,
HNND B AR SR F 8070 0RO A6 B PR LS S SR BV, LS IR 25 Ry
TEMI AR L, ARG RABRMZNZE (convolutional neural networks, CNN) K
PEBOCHE I 2 [RIRFAE,  DURDIAS [F] AR Rl AE oG &, FLyodsd B = L,
B E— RS RIS AV, 456 0R KR A2 2% (bidirectional long short-
term memory networks, BLSTM) KR NFZHE /7 51 o (i [l ,  imi 427t 1
TSI A R AN B« B JE B I B NTRZE T 2, Yk D B P T R I LA SR L

O T —FhahES i 2 BB R )M, BT EEG 1% IR AT
R GES T A2 M4 (dynamic graph convolutional neural network,
DGCNNDFIZ i 2 AL A R, R IR 2 1 67 8 4 ) R0 26 B0 L TE I 4 R
MEA P BOHE 7GR IERE . FAATT = : DGCNN EHUE T Chebyshev £ i
A IE IS0 R, Fi3Rk EEG BIERIE R0 R, 5 214 = AR 0 75 [ ARFAE,
N 2288 LA 3 (5 B8 . Bl JS Transformer 4if 28 7E DGCNN $2HT[¥14F
fEHEAL b, g5E 2 ki NUEI R B 9w, @A EEG 55 M R Zh A&,
B B R (R AE B8 77« 55 8T 4 SRR E AL 45 & 2 IR AR M A W
2, —BIRFHEH I .

(3D FEH —Fh 2 RFAESR IS 25 7712, BT s A50His 7 R R i P 5 250
fE EEG 1B, V520 03 18 SR B — P B URR I SRR iE 552 (] SRR A0
LS P S R AE (0 A AT A AL o DRI, ASHIE FE TE RGBS R B R 45 A A S
AR RFAE, 1% BB AG RUX 2015 B IO RRAE, 0 X SE AR AEREAT R AL 20
AR B AR s R IR A

ARICRAAHELEE N 1-3 PR
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Figure 1-3  The overall framework of the full text

1.2.2 A RILELA L

AR 6 ANFEATCRER, BRI SCE T LR

51, g B TR T N A A A SROT IR AU R AR LR
5 G A VR R B P FH 504t B AR 98 2 R

82 %, ENAMIGIR. E B SRR B 2 =) FURFAE SR U I e 00 23 28 7
TH] FRIFF 5 33 Je K ) ik

93 ®, BIERINUENR G M L I s 4 o R, SR T AT
HAIHLHEIRIR G Ph 2 M2 H T B A5 5 0 28, BBV ELAE G AR A I 2% . XK
WAL 2% . BRZEIERN S P, A TRz A RE Dy, IR AU
P 7 I 0L A FEE I 2 1) R

04 E, BNASE A AR R T 45 0 S A R AR, AR AL T W R
1 DGCNN 5 Transformer 2244, BERZFIRF 722 ) B MRE 7, G T
AR SO AN () Pl 35 46 18) 3R 0% 1 2

505w, N EAUE B 2 AFIERE G 2K EE, I 2 RMERE G T 2R mo
10 FEL AR 43 S IR EE

556 B, SRR B BN A BRI AR AT AR L 1R ST AN R A e A
PARR AR Fe
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E28 ERIMARIVR

2.1 5|8

EEG 1EN—MARR AR RIS s M EAR, 5 20 LYK BLLLIK,
—HEMAREAMAEY R TR EE R TR . EEG 5 5% 1 KNE
SR EER, S TEMERMIIRE . 2WiZ R G000 LU IT RN -HLE%E D R 45
HA BB WM OE. R0, B FmRE S ARg . PRtk E aett, T
AR IR LG EEG 55 R HUA I AFAE, — BTN Gt ) S sk Ao

TR, BEE N TR REBORN WA e, M2 M2 1E Ny —Fham K i Hodl X 5h
R, AN FLAE SRR RS HURT 73 S8 s Y KA /7o Fih e X 2% g 2 2
Hle B A, B IR BURAE, A TIAER S 5 B AR AT R T S T 25
. bR b, ARZHTCRIAEC ) TOT Aop AP 2 g Zer A 5k, DR
Jibi FELAS S R SR R HE R PR AR o AR A, BT e X 2% [ i LA 5 Ab B th AT
B T THZ IR, A2 R RCRIAT FEN LA AL X — UG 1 SR BIF 7E R » 28110
S AN FEERAE AN IR, i 4S5 R AR SR BT T i 2 1 vk 5 R 2
FEw, B ALRE 95 . RPAEMERE R AN 55 h) e

N T MR 57 3 11 3 R S0 Tk MR S BB 1o P 0 F 7 A A S 23l
b
2.2 ETREZFIIMMBEHIET L

2018 AR VAT, LI S ANUHRH T —Fofi R ah S 48, RIBR BRI 4t
FIZE /2% (bi-hemisphere domain adversarial neural network, BiDANN) 7, Hi
T EEG 1545157 BiDANN H—™4 /330 50 28 T S R 3 8l s H ik, &
1157 RAA AT, DAREUEA IR AR E . A, X8R B 2 kD s
5 H AR IRAE & BRI T Re A TE 3022 S, AT AR PRI AL (2 AR 7o . 1E
SEED ##8 FE LHEAT T REMSLE, LR R, RIEBATE BEG 1E4 1R 5
DTS T kR . WANG S8 N T —Fh 4 ) 12 325 181 %% 5] R4 (broad
dynamical graph learning system, BDGLS) [I#i 484y, T 43 EEG 55 Ik

5
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1T 410 . BDGLS fil& 7 DGCNN )32 % 2] 24t (broad learning system,
BLS) (AR AL, ZEAERR L BAS A [ S HURHAE, RIS 38 I BEATL AR 05T mOR A 1 2
E . S SEED LT RIS RN, H5HAMIT %40, BDGLS S8l 1 &
IR AER

2019 4, MA S5 APHEW 7 —F0 H T16 45 WU 10 28 ik 22 K R T 12
(multimodal residua long-short-term memory, MMResLSTM) %%, %W 2& {24
AN LSTM JZ A [ L Z AL E, LA BEG H5HAMA TGS WA, B4s
R ZE W 4 S (R AR GE R 42 5 LSTM (I [RIPREERR A%, AT i 28502 S T 26 AH ORI
FRIRAE . HE T AT HEEE DEAP XT3 tH I E8 HEAT T VPG . SEI0 25 R,
T4 (1) MMResLSTM W8S | RIFIIRCR, Meli oy FRUERHI N 92.87%, 2K
7P RUERI RN 92.30%. FHFTFEAIMEH 7 —FEET —4E CNN KK (E S
TR T %07 R A CNN B S 32BN S 5 5 IR, 85 AL 55
P N TR AR BB AR . AR, S0 T CNN I il ZRd /2, $2
E A YRR R AL RE JT . RS, A3 T BELAR AR 2 R AR R SR IR RFAEBE4T 432K,
SLIG S5 R W], 1% J775AE SEED B4 RIS T 94.7% 15 B4 FEHERG R, 1IE ]
TZITERAA BRI & B

2020 4F, DU &8 N T —PhiR 224 21 0705, J8id 5 352 BUAS [R] B AR v /i
55 (AR D 8 O 22 SR BRI AV RFAIE o 1245 28 DAy 8 T i 1)l 3 46 i 45 1 K R
{Z. (ATtention-based LSTM with Domain Discriminator, ATDD-LSTM) , %424
HAMWABHEHFE: (1) ATDD-LSTM it 7E LSTM FEEUHFAE ) & b8
BN, BBk EEG I8, DA sRIE U e, RO
R sE T S AHOCIEIE :  (2) R AN R 2 il BN (8] I RRAIE 43 AT 2 5%, ATDD-
LSTM R FH 3 56 51l 25 A B 504 2 /R 25 ), LAAE BB 2L 3d P PR IRTRRAE o« E =2
FFI EEG 1545 %4522 (DEAP. SEED I CMEED) X%} ) ATDD-LSTM
RRBLHEAT VLN, IR s RIS TR R TAO AR T —
Foft 356 F 1 25 WL 1 5 FR G K 1 22 M 4% (attention-based convolutional recurrent
neural network, ACRNN)D , T M EEG 155 2 HUE £ HI MR, $EmTE %
WHERGZE . 15, ACRNN SRAEEE RG], F SRR A8 A E ,
J-FIFH CNN $2H EEG 155 M2 HIRFIE. HK, NRZE EEG {55 I EEE,
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W e BRI E RNN, DUETE 5 A EAR I B i R 2. 1E
DEAP I DREAMER %45 g 047 1) 2 I SELe . Sege 45 L W], $2 HH ) ACRNN
T st 778 BRsBR SR NSIE T P AE B IR & P e X 28 151, B2 B
LI Z LS . RERGI- G M, /£ DEAP FiHT I/ 2 sein 4
R, IXFREAL ) 5 FAER R A FIA 93.15%H1 92.37%. IX AR A AL F K
TR, 7E S SRR i LA S I 2 AR D T LR B, S T Iy
KIHER

2021 4F, LIS ANUEH 7 —F 4 8 B AL E A ML (self-organized graph
neural network, SOGNN) HFT BRI, HI T 5 32 120 il v I 15 /2% 70 . SOGNN
Wi A R A S s A 2% 5] BEG 1B 5 Z [RIFEIE R S R, JFRHE
BAZ SRR AN A R HRAE, T4 =5 S i R IR I g . 7E SEED
1 SEED-IV ¥4 FREAT S as L, SOGNN Rt S Il 5 S 3k 1 1 /iR
AERE, HT A IJ7E . FDEZ % NS LT o3 R AR kAl 7 2ok 3 i B T
Fi FEL P P40 B A o AR A B 23R 10 1 o %7 R L T AR G IR bR AL T v A4y
JEARUEA 7, A HT T AN RIS B VAR R 1C 5 VR R 2 1 52 . 7E
SEED #1 SEED-IV ##a4E BT seie s R M, 7 EAnEA 77126808 A 20
AR AN 22 5 10, AT 5 25 A i 28 U R Rf 2 . LIU S8 AU 1 —
Fih 5 2% 242 96 45 A0 22 M 4% ( dynamic empirical convolutional neural network ,
DECNN) 1] EEG 18 514 WA HE, BIEMR U3 WM SAF L& RN PR . &5
HEEEE T B (dynamic differential entropy, DDE) $FAEHEHU 5 iE A1
ML, JEHT T 5154 73 FMORIIIN X, BT 55158 45 RAR O 1R B FLR o
LG 4E R E W, DECNN SUEMAER R LBV HIERR T 3.53%, HHEEW A %
HOAR AN [5) 32 A3 B ZOIRAS , DI SR AL 11 1) R R A3t 17 1) S ek A
T3

2022 4, ZHONG 25 NVHEW 7 —MH T T EEG M1 25 1R 0 it 1E 4k K]
Y24 (regularized graph neural network, RGNN) . RGNN Z&& KA [F] X
B EY AR, DA EEG S@IEMM RS 2R R. Ak, BHTHA
IENAE TR T 3T 5145 (node-wise domain adversarial training, NodeDAT)
H TR 32135 1) EEG 224k, 154870 4% 2] (emotion-aware distribution
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learning, EmotionDL) | F -2z il Mk 75 F5 250 Y ()5 o AE RS A SE B 2k
SEED A1 SEED-IV _E#HTHIKESLIGERN], AR K 2 B i A 5 o i P g
T e dt AR . DU & NUSHR W 7 —Fh 44 08 2 48 I’ 6 BN 2%
(multidimensional graph convolution network, MD-GCN) F¢)i# 5212 3 v L 1K 175 2%
AT E . I TS AT HHE MR AT B SR 4%, G RURlE EEG 155 I ) Al
ARk, £ SEED A1 SEED-IV #¥laE FHUS 1A iR e 2. LIU S5 A
U@ 7 —F 448 TCACNet FIFI B GRMAE ML, HTIHT EEG MiZshR
4398, TCACNet &54 1 4 R A 81 M2k 4bHE EEG 55, JFdid i (a3 Sl
AN E ALK TR EEG 15 5 X IR A8 P I 55 M 545 18 A4E H AR 3 2 (]
OISR . SE6 48 LB, TCACNet £ ATFEIEE BBl T
11.4%H1 7.9% 1) 7y FAEBI R I T, I HAERHE ZeR J7 m i T HARAR AL . LIU %5
NPORRE T — R T /A A (minimum spanning tree, MST) ) & 128 /4 4%
(graph neural network, GNN) 777%, HT M EEG & 5 H AT IE K. &1L
ML BN [ 1 JBOIRAS T PR O 28 P ANRFAE. (A sl B o MR 03D, 45
& RIS U AT R N BRI, $20m 1 7r 361k RE . /£ DEAP #dfa 4 b isk
IR, R LB (JUHJE Theta. Lower Beta A1 Gamma) 1587y 245
AR T AL G715, Horb Lower Beta SRUBUH) 4 RAERH L F] 92%. WUt — 248
TR 2 IS R, B RS R A 2L AT EEG (5 5 T I 2542
HE T HITE R A . MHCUESE NPUSE S CNN ORI B AZ M 2% (long short
term memory, LSTMD (%, g 7 iAER LMK IILIZ (recurrent
convolutional neural network long short term memory, RCNN-LSTM) Jiit F {5 J& 15
TR, 1A AE DEAP $E 5E FIaA IR BoR, HoP S HER %4 96.63%.

2023 4, ZHONG & NPT — M 44 o4 XU 22 3R AN 0 BRI 4%
(bihemispheric asymmetric attention network, Bi-AAN) (K37 BUPR B 24 S #EAY , 1%
BRI 25 G T Transformer ZERIFN RN /e A BRI RRPEIIRRI: 58 A T-1
ISR SE UG BRI o B AN A (3 = AU /3 B 45 7 4 23R, Bi-AAN
A DUBEAEL P A - BR 2 AN [R] A 5 18 B 7 DEAP Al DREAMER %48 4 1) 51
BEE IR, Bi-AAN TEB BRI S AR TAE S N385 > B AR e it (IR
FE2 3050, AR T HA A R . ZHANG 25 NP3 T —Fii 3t TR B
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A 2 3T 10T W B i ) BN SR FE X 4% (time-aware sampling network, TAS-Net) ,
TAS-Net A8 H & RN BG4 1 By, IF BB AR SR EE 4, AT
St 7 B IE 25 R0 IO AERA P o A2 = AR 4L (SEED, DEAP 1 MAHNOB-
HCD BT T KBS, M H— 3 IRUE T IH BN, 25 50E T Frig
1 520 T A PR TG M B A SR T v

2024 47, JIN %5 NPYSEH T & 785 BSR4 (pyramidal graph convolutional
network, PGCN) o PGCN R4 T i A4/ = AN ZRHIE, sEihgh R
i, PGCN 738 54 0 2% TR FE AR A2 B 2 [B)EAT 1A R, )i 40 1 B 2 T
R -, FFAE 32X OB 32X #5523 e BRI 1 e de PR RE
GONG %5 NPUH T —FFi ALK EEG 145 RIS, 2R EE & 1 KM~ BR 11
AXIFRME LK EEG {5 5 102 18] AT ANE 145 2 e e, B e s s i 45 10 m
Re. M T 4R A a1 AEFE (global spatial projection matrix, GSPM) FIXL-ER
Z R PHSEIE (bihemisphere discrepancy projection matrix, BDPM) , %1t T
XLIAE I 2% o RRUpH 23 X 4 R 4 B bk I S =X P RO R BEARRAIE . RS, [T
Transformer [ Rl& IR 5 ST Bl G RFIE AR I OC &, HORBE 2015 .. 7E SEED.
SEED-IV HI DEAP A F#dE 4 kAT ) 72 SEER B 1 A0 e i~ 3 45 51, il
S FTARAL 43 AT A0 R S0 BRIE TS I R AR A R . HAN 48 APOHR H—
1) BT B i TR A IR g 2 ROEE % 45 IR0l J7 7% (multi-scale emotion
recognition method, MS-ERM) , H T34t EEG 15 5 I H N B 2R o 1445
MG T 2 REGHUH TimesNet M4, LA IR AR ARHE . #1818 7 A
RAE A 2RI (R RFAE o I XS DEAP B S EAT ORI, 250K, %0572
TEAE S 9y K7 A T I J7id,  TERREE RO RN 70 28 73 a2 T 91.31%41
90.45% 1)1 351 73 R UERF 2

2025 FE4, Cen S NPTHEH T — MR & I HLH S AR Hodel 5 &
M 4% (convolution and attention-based conditional adversarial domain adaptation
neural network, CA2DANet) , HT3%T EEG MIEZE N 1458 pHRFAE SR
B R 2% | bRRE TR s A 0 25 LR, AT LARBOR B AR EEG 15
SHREERE, @i e SEED $uiEgE BT SE, Seihsh RO HS BN
96.29% F1 81.05% , 43 AL IR F MO A1 528 AL SELS F o Jin 28 A\ RSIR
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H 7 — P4 2 REER S RHERLS 2 M 4% (Multi scale spatio-temporal feature
fusion neural network, MSTFNet) [T IR 22 A, HFiash g midlis 1
(¥ EEG 4338, 128 th 2 ROBE B AR i ROETE T R 0], F R I A e
% ROPE I (B RFAE SR UL . 2 [A) KA S OB JORI RS AT il 5 SR AH B, Y A
BCI Competition IV 2a Fll BCI Competition IV 2b ¥4 EHEAT T3FAE, I 5 HAh
B SEHE R RIEAT T bR, 45 SR W] MSTFNet ELAT 58 5 1K) 20 206 FE iz AL g
2.3 ETHHERIA KB EIR T A

2018 4 K LATT, FENG %8 NP 17— ML T Z REFE LY EEG 155 H3)
ORITER, ITEM /N E MR EEG 15 S 0B ILAREL, I
BRI REAS A AN PR 0 e 5 LU AR 9 REAE . SR)S, (A SCHREMI &ML (support vector
machine, SVM) #4733, I R M 24 (radial basis function, RBF) fE
AL RE. SRR R, ZITERT DU RO EEG 55, HEHAMIAT
JTIEAR RS T 5 B 2 R R« PARK %5 AR H T —Fh 44 ik ist 23 40 15 )
P [ 25 B A B2 B (filter bank regularized common spatial pattern, FBRCSP) [f]
Worik, AT R BEEG 4R MA FE N PMEARRE TR
B R U5 (R M - FBRCSP J7 VA IE Ik 45 4 JiE sk s 4L 2540 . 1E U4k 3 7] % ]
B (regularized common spatial pattern, R-CSP) FI&E 24 S 5K, [FEIRRYE T
RPN, BSOS R R IE MR IR E BT,
PEREFE I FEON 2 . SCHR[3 115 W T2 (A B 20 (common spatial patterns, CSP)
[¥] EEG FRAFFEHU7 72 FUE R HURRAE P EUE B R R MM, 24 T —FhRRiE
AL IEMI{E (feature weighting and regularization, FWR) J7i%. FWR FIH flifg
CSP RHE, Fid i 7 R BN AU INBCRHEEAT IE WL, A 2832 % T MI-BCI
15r RER A, TR G IR IEE % 7572

2019 4£, GUPTA 25 ABMEH T —H EEG 15 5 MESHARIE IR B k. 1%
J7 1K RGN /N AR e (flexible analytic wavelet transform, FAWT) # EEG
&S AARFE T, AT RBUFE . Sl P s )5, SRR Eg A A\ e
WURRMAN SCRE ] B WL AR BEAT I 46 0 I LIRSS R, T RN 26 70 RAT
% BARTIUA T3, R0 AR RIRNECR 1A R AT @ 38 R e 1 s 4 7 2K

10
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ZENG ZEANBHRH T —Mogiit ik, H B KRS S E (empirical mode
decomposition, EMD) . #Z*[H]# & (phase space reconstruction, PSR) FIfIZE
W25k X 5y Rkt EEG {5 5 MR RME EEG 155 . &5, 4 EMD ¥ EEG 15
SOl N [ G A ZS BRI B (intrinsic mode functions, IMF) , FEEEHUELE K% EEG
B SRENE=FENA IMF s, R, E@EXHA IMF 7= 0AA2 0, H
HERE T 5 EEG R /1¥MKINEYE. )5, MHMEMSIEN2H, #
RRE I AR RN, ARYE L2 8] R 50 /72 (0 22 e ok X 43 Ja Sk PR AN A Jey kA
EEG {55 . #/5, 7t BernBarcelona #4552 FEAT 1 S5, DAVPASIZ 5V M0 24
Yoo SCER[341EEH T —Fh I T DhRE VAN I 25 (1) 2 RRAE SR U 7%, F T or2iiukia
AR EEG 55 . 1% 7 1k45 & CSP MR 4L RUEE 73 fi# (local characteristic-scale
Decomposition, LCD) %M EEG {5 5 HH U 28 S30F1 23 [AERFAE,  FFAG 3 1)
REPER W28, SEEUT VAR IR RAE G B . SOy IR, ZRA A T
B KU, IR BRI 10 E BRI SR 1

2020 4, SEIESE NPT —FhRE TR BUAR E 2 I EEG 1B 7
2. H4, M EEG {55 RN, SR S BURFIE: ok, (AR A IR
YT BB VR £ & M 4% (improved deep belief networks with glia Chains, DBN-GC)
S FEBOX LKL I 2 S I R s e, R A0 2052 R BR 2% 2 U0 e J2 4l
REFMEEATRV S, FFHHT B BORAE T . S2i645 5% ¥, DBN-GC fefs A %50k H
EEG ANRIEIE 2 (8] AR OGS B, 17 58 O JBE 2% T B Y e i A 280l & A [ 43 A
BREREAE, MBS i BRI I HE R 2 . SCHR[361EE H T — P T &7 S 2 AR
28, HTX BEG 15 53T RHESR I 73 25 . ZHESE 1 Ja¥s BEG 15 5 4 5L i %
T A, R &N AR AR BN R R N 5 S AR RN
RAIE. ), WICH T SO &7 SRR, 15 888 T LS e SE AT 2
R AL, TR EIRFE EEG 55 A MRE . W0 STl ses 4 JIIE T
ZAEZL I RTAT PEAE 350 o SCHR[37]38 H T — P T A U 43 iR (time-scale
decomposition, TSD) « E#U/NE A #: (discrete wavelet Transform, DWT) . PSR
MM E A%, T BRI FIEIE EEG 55 IR A E. SLigs
REIRIZERILT 98.15% W8R8, T LIHE Tk,

2021 4, ALBAQAMI %5 ABSEH T —Fp R H /N L7 fi# (wavelet packet

11
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decomposition, WPD) #EATHRHEIREL, F8 A EEIR T LSRR (gradient boosting
decision tree, GBDT) #EAT 732 ¥ [ ZAG I 7 i FEL IS 5 1 7702, AR K
o7 = B i e P TR EE V2.0.0 SRINGAITHE 5125 45 R s v 3004 21 87.68%,
H FLAE A —Hi 45 b Eei et B AR MER R 1% 0L b, REUE R H 3% L.
TUNCER 25 A\BMRH 7 — i 3%, FIR R R —EH#% X (chaotic local
binary pattern, CLBP) 1 WPD i ARKiR %] EEG G 5H IR HEES . ZhEE
Jext BEEG 155 74T WPD 43, SRJGXT il f5 155 R CLBP 2 HURFIE. 2
H o AF FHRARE N TUAR S R S T V20 8 foe B I R U RFAE o S0, FIA
S B XL IEREAT 223, 5 EEG (550 NIEH R E K, el ss
KW, ZJ7VE1E TUH EEG B0 4R FHUS T 85m o ke, EH T HAE U
SH EEG 18 57 A R L& ABOHR [ —FJE T EMD I CSP (35 4L
TR RAERCAARIM T7VE o 12508 el /N AR R EMD %t EEG 15 5 #1788
TAL BRI S0 iR . SR)5, NF CSP SRR Z M R SRR 4L, JREEEUy
ZENE R ME— RHE 855 , 3 B+ S 8RF 1) B L Csupport vector machine, SVM)
A SVM E RGBS LI RRY, %7 EfE CHB-MIT 4 &
LR AR5 R R EEG i F3giug 7 IR gh 8, JEaems R
) 55 0 K AT S A A D PR fi P G
2022 4F, SCHR[411ERH T — Rl T IR AU 30 AL WU R & 572, i A AN ]

U8 T PR AR LB B[R] — 2R, RN SVM BEAT /03, eI e R, LS4
TEAHEL, FlA PR RE 6 35 5 w1 R UM e 28, JCHORTE midoi By (R B Ay
BB LLROR ARG S5 1 73 28 0 SCHR[42]38 t 17— Bl ik T e /N 2B by o o 2%

(minimum spanning tree based brain network, MSTBN) Fl4E &4 5645285 47 fiFE- /)N
W A48 i (ensemble empirical mode decomposition-wavelet packet transform ,
EEMD-WPT) 2 4ERFESRIUTT 5. 10718 E e /N B AR 40k EEG (557
fER O ay BAly UANBL, @2 ERAEME . A5, @id Prim 5k
% MSTBN FEHEEL A 5 R R H4FAE, DA HEAS RN X 2 A1 RS B A8 L. He
A EEMD-WPT $2EUAEZRMERAE, AR Mg 3 i . a4 rddds
fERLE, S NBENLARMR 23 K BT 5000 . 45 R R M, 1% )5 VE1E DEAP $4E4E - HY
7R r R MER 2, TR T I . SCER[43 1R T — R TR B R R A

12
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TREGBAN %, AT BEG 5502, B4t BEG 5 5 TR RorR, JH#H
ZIRAEARIEIURE, S5, FIXSRHE R BB LA A F RS BR A, A4
FASE R A, H TR S ORI 3% . IX -EAP B A BRI &3 4 [l AR

(Finite Mixture Logistic Regression Model, FMLR) Fl3& 1128 &5 KAk () i B iR
A7 (Expectation-Maximization based Gaussian Mixture Model, EM-GMM) ,
FeFAR 7y DUH- B4R f4 3 - (Variational Bayesian Matrix Factorization, VBMF) [{]
GMM (VBMF-GMM) . VBMF FI## 3 84373 #7 ( Principal Component Analysis,
PCA)5 GMM(VBMF-PCA-GMM).VBMF F{i £ /> 3¢ ( Partial Least Squares,
PLS)5 GMM(VBMF-PLS-GMM). VBMF Fl i ! #f 543 #1 ( Canonical Correlation
Analysis, CCA) 5 GMM (VBMF-CCA-GMM) DL K45 VBMF 5 GMM

(VBMFGMM) . fJa, ffFNLES 2] IER 2% STRIVR B 27 2 J5 06 S U RRAIE
BEAT /28, RIS T B I 95% My A B

2023 4F, KR4S NHUEH T —FhflA DWT 1 EMD R B (5 5 RFAEFR HL
50875 ST IR R AR IE S AR R S 5 4 BT DWT A EMD Jrfif, #2
B3 i I B B TEAS 5 RHE IR BEAT b &, SR 5 (8 R AR 1) B A% R 2 SVML JEAT 732K
IR SE RRM, HT IR A AR i S AR RN S S AU 2, AT R
MAEH] DWT 52 EMD J5%, 73 RAER 2773 s 7 20.77%40 21.12%. SHEN %%
N T — T EMD et EEG {5 SRR BT %, F T 3ARE TR 51 .
TR 5 NIEMALSHERAL EMD R AE4R BB &k tE, A Robk 7
EMD J7 P AEAE RIS AR & 0 . SEEG 5 SRR, 1% 77757E YA EEG #di4E 1
BIEAF T RAFRIAARE UM RBCR, BB SRR T HAh 7. XU 458 MR H
T =M A A IEA BIAF 4R LR s /ME (global redundancy minimization in
orthogonal regression, GRMOR) [IHFIEIEFE /7%, HT1E45 150 . GRMOR jdit
SINERTURVEARI, ARG TG EEG RHEZ R RO, JRikse T —
ANEA X APEMIETURIER EEG $RIET4E, Miem TIHZ U PERE. St
ZERFW, GRMOR 7E 2 B U AR AE R 545 RARAE J7 AR T 3o A S U R 4T B9
REEIE R 7770, JUHORAE % B EEG Bl F R .
2024 4F, JIN S ANWHRH T — M4 0 2 RE I 2R 1E Rl & 00 4 ) 2%

(multiscale spatialtemporal feature fusion neural network, MSTFNet) )51 847 &

13
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VR, A B DY AN R BB B RRAESG SR . 22 JURE IR (R AREAE SR
g, ZARHESR DU S ANRAERE G B . SRER 45 3R W], MSTFNet 1552514
BN T BUE I 777, RO O R e idh i o LIU 55 \BSHR T —FhiE T
2 YR RS BRI S) SRR B AR 4% o %7151 J6 R Conv-LSTM FEHLUAI T 2
T2 B B AT AR S B EEG {5 5 RHIE, DU AR e 7 R IE SR BUAS 2 11
I8, SR, IR A SRR 2R e 4 2 18] R (1 I FERRAE, HR IR0 15 5 RRIE S
B A T S o B i, R FH AR B o O, FE X3 SR AR B EAT i ks o
UG SE SRR, ZTIAAE TUH SR 4E LEUE T 96.9%M° FHAHERI =R, F1 /2 4Ch
97.3%, Pre 9 98.2%, Re N 96.7%, RTIAT7%. SCHR[4913RH | —F 44 Jyik
PR S EL 2 AL B 5043 i 25 18] (Selective extract the Multi-View Time-Frequency
decomposed Spatial, S-MVTFS) FfEAEFERE 7%, H TSI R ARz sh B R
A FELAS o 127 VR I [ - 2 i S B, B R B2 8 4% ] v ) 2% )RR ALE
IR 22 (8] e e B X 43 BERRFAE , 055 I8 W B SCRPAERENLEEAT 4335
S-MVTFS J77:7E =/~ BCI 3248 MI-EEG #4554 BT 7 2R, o/ 2ikae
T 2 FBLA 52
2025 24, Irfan 5 NPOHRH T — 0T EEG 15 5 BB A JLBERR T BL 7 26

JIE, GITEGE T 2GR B RHE RS I HE S AR RS At . 12T e A
iE EEG {5 5 Z FRHE, GG EBUNEAR . 8N AR . Sk g i Al
ISR o 1207 VAR AN AR ) LR 73 B Bcd 26 B EAT 104N, S5 RERWT, 120
VEAE X F3 REAR S5 1B I L 22 R 5 JE 22 AR LA 2 22 R HIR 5 R 7 T R AT 1R =
IR e AT T SEPE . Zhi S8 NPUSRH T — Bl 7 W B bL 2 =) iz A6 ) 25

(supervised contrastive learning-based domain generalization network, SCLDGN),
F TR e s 2 A0 RORE B AT AR Hh el 4% 9] . SCLDGN Sl RFALE
Pmit 2% >) BEG 15 5 A RIVERAMER R, FHod i TR FEAR SS 0] S5 AT 3800 55
DA STV . tbAh, BEGIN T RIEMIEH, DL ST A R H S I 2K
Gow5r. LIRS REH, SCLDGN 7E/3 A3k MUME #4548 RS 748 T HAth
JPEMITERE, I ELAENS ST B 5 MI/ME A G228 2 i R

14
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2.4 KREINGE

ISR A A X 23 AR i e MVRFALE SR B 2= T AT IR T, SR VT
2T FCAEIN FLAT 5 R I TR) SR R SR HORT 70 SR B _E AT 1 el R, (EAE A2 90
b FLAS 5 A R R IME SR AR B B OB T T DR A AE A AL - RSP,
& GE AN AT 5 70 FOAB R 7 A PR o 8 R AN 3 2 A2 A U7 T ) A e 0 th R
Riko BUEWTFUEAEZAL 1 2 X 18ME S R FIVE R, 82 ik a] i o AE A
&, BHRZHBOTENZACRE A 5eES, HELAIE N R 2% 22 A2 R i R0, A SO I e
TR T o

15
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£ 3T BEABENNFIESHEMEZRERETLXEE

3.1 3|5

AT EFNF E R SIHLHNR A A 45 4 S BT F B R0 ik 2 i 2
A R IR S B AT A, (R AR 0 448 i M F 5080 ) — 2Kl
3.1.1 ks

F T 1 R LS 5 B A . AR IEAERRE, HOR R Z R S R R
5T, M= T R EETIREE S, R WG SR RS
PRAREIE . MR (differential entropy, DE) HEHLIFHINT I HLAE 5 BOHFIEFREL,
CEM IR SR T BON 2 N, #E50 1T EEG 15 5 = 2R R ABE ALV S 2
[fil, DE #AARHE3,

DE FHEJEaE TH R A 20 R prRb.

y(X) = / F(@)log (f () da G

A x B/ MELFENAL R, 75X BN FEAEE 5N SR 2L
i, fO)RRIESAE B IMZE R REL, [a, b)R G BBUE X
—/KiM S, 31~50Hz @ JEN G K gamma 25451 EEG 155 90%LL_E AR

w3 N (u,07) . FTLh DE FRAEVHEATE— R H DA A 5B,

_ [T 1 (z—p)® 1 (z—p)®
yp(X) = /oo \/T‘zexp 557 logmexp = dz
(3.2)
1 2
= 210g2£cr

X Lo 53002 x B BRAL B EORARIE 2

32 AN H AR e A B HE A A B 3-1 Ca) BT, 25T 32 AN EE @S DE
PEHL—> 9X 9 IRFIERERE W, (& 3-1 (b) ), FRAERERE Ha AR n] A4 P W, 3-
1 Ce) fow, AT IR AR B R R AL — 41 L AR A A, £
FERE, BOH 2R A XA S PR BoR AR, R BB BOE N 0, RS
Xt DE AEREAT A — AL Ab B . RFAESEIGRRE B BAR LIS 3-1,

16
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FCs FCo

RAHRMLE

(a) 32 A~HtidiE

3-1

Fig.3-1

3.1.2 REEE

[0 0 oFPLOFP20 0 o0

F7 0 F3 0 FZ 0 F4 0 F8

T7 0 C3 0 CZ 0 C4 0 T8

P7 0 P3 0 PZ 0 P4 0 P8

0 0 O0AF30AF40 0 0

0 FC5 0 FCI 0 FC2 0 FC6 0

0 CP5 0 CP1 0 CP2 0 CP6 0

0 0 0PO3 0OPO40O 0O O
0 0 0010202 0 0 O

9<ORFLIERF

(b) DE FEHURFEAEFE
FEAESE B RE B

Feature extraction flowchart

ZHERK

(¢) B MAL

W 2% 2O I B AN RAERT, S ONN MG ERUR TG R, =R R Ok
AR AL, RAEMZIBI . FRFEER (Residual connections, RC) ] DAk
XA, HAR IR A A\ B RE S LR Se i R R AR 2 R 87, BEA A8
G2 BAEINTHSER I, T AR R BE LT . 2% IR AL S ()BT, RC 4
ey n il 3-2 s, H ARG EE R B AL T (rectified linear unit, relu) ,
H D Re RS s 22 W 2% B AE R VE RS, PIMBUELJR weight layer, %A\ X ] identity

EEA IR
F(X)=F(X) +X

X XA, FOR—NKRT X TR ZmES .

F(X)

F(X)+X

weight layer

relu

weight layer

M <

relu

\/

K 3-2 RC 4HKE

Fig.3-2 RC Structure diagram

17
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3.1.3 BRI

F R AU — R I AL, B BT SRR, Re AT % R
FEA T — IR S H B AT TG Z A A ELRA A o 3 — HL B 4 i 1 A
B E R SUAE BRIBRAR T, AT T AL B 7 51 B B PR AR

R 3-3 FioRe INF I X=[x1,x0, 333K, JEIIAEIERE wo, Wk
AWy NP FVAT A e, ARl RERmE O, e K AERE V.
RIE, 05 Kl s BUs FIHE R 8, X280 f5 il softmax iR
HOPER, B sl T IS AN TR B OIRGE . )5, HMEAE VS
%o R A 3R I SROFIAS 2B

softmax

w;; = so0ft max (score (Q!!KJ))

score(Q,;,K;) = Q’idKj H
A

v,

Qi=W, -z

K=Wg - Q K

Vi=Wy -z,

3-3  SAT &5

Fig.3-3 SAT Structure diagram

3.2 BiEENRESMEMFIRE

3.2.1 EFHHEM L

RS MBAREERE . WERMEERZ . ARSI
THEEIT—1k (batch normalization, BN) 1B 133 #l & B HL 5<% Dropout 1F 1
Wori, HIRREFSHUNIZARE 71 Il e 2Rt 72 o i G i . eAh,
TEGHUZ Z AN T IR ZEVEHSE,  H IR D30 52 Y RO FE R 1), X
15 I 45 B 5 A I 2R IR BI04

TEMERR T, ARBFFCRGY T — Mo R B RS, RIZ3 ) i@ 1 & 4

18
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FH (spatial channel-reconstruction convolution, SCConv) B7, SCConv i 7z
ZRFEIE, AR TR, 0 HRD TR AR SR RE . X — RS
SRR RS T RBOES, Z2XEREREIN & E SR 3-1 fiR.

% 3-1 CNN RS

Tab.3-1 CNN Model Parameters

ezt RHE R LA ZFNGN
L1 (24, 5, 5) (5, 5)
B 2 (24, 5, 5 (3, 3)
B3 (128, 4, 4) (2, 2)
Rt (128, 1, D (2, 2)
IR 1 96 —

SR 2 16 —

3.2.2 WEHKEEENIR IZ#HE M4

BLSTM M%) LSTM #EAT T Ak, &It 5] A—ANRIa i) LSTM JZ 5K 58
B, XA BRSPS B, IR TN AR Hy, 2 171G i SR 1

- BLSTM HI =/MHHEEFEN LSTM EH K, 502 RN A2 Ry 51 1) 1 7] F1
SIS B o XML RS AT Ul 57 41 h K B B . £E1E 1) LSTM =1,
S NBRE R [ TR BT NBRGZ , AT — R AR A B I BREUIR S . )
LSTM Jz= MFEMCHT— AN ZI PR FI S TN, AT ARV . AN T7 9] )
s, WSS E R, BoR 7R 7 51 2 i B i A il ae 7). 18] 3-4
FR 7 BLSTM BRI Za . S R 3-4 A 3-5 proRbel:

h,= LSTM(X,h, 1,C,_1) (3-4)
Yt:U(W1h1+W2h2) (3‘5)

A b BTN ZI B RERCIRES, X NBINTIE, he NET— B Z0 )RR
A, Cop NI ZIFI R IOIRAS, by NI LSTM 8 HUIRAS, ko A5 R LSTM it
RAS, W NRT R RCEAERE, o AE IR AR, Y ARR R A AR

19
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i
1E[A]
LSTM iy
1A
LSTM LSTM
K 3-4 BLSTM &%
Fig.3-4 BLSTM Structure diagram
== N=|

323 BIEBNESMEMELEH

s S01

T | N ‘

o e o ! L e 1

it o ‘

A | 3 i =
L osor ! ¢ ° e % ﬁ %@I;ju i
. | %) & | . hd "
| R === i = ‘
R P e |
} ° o ! ° [ !
| Lo ! i e
L | e
fffffffffffffff Y -

3
=
$
(X
‘e e
NS R
T R
1 REEH

=<

Kl 3-5 HEEEIIIR G 4 25 15 A
Fig.3-5 Self attention hybrid neural network mode
Wk 3-5 FioR, AT T — o B R 00, S SRS R T B A A 4
FREER:. HER SR R KA A2 M AR, LBt P 21 50 i =
[F1) FITRF (B ASFAAE PR R B R o 3 ol 380 iy () I GRS AN T A T U Rad A2, B4 7t
TR ISR R, AT RO AL A1 A 1) BT B AR A S R AR EEG
HAm AT AR ER SO %140 DO ML (thetas alpha. beta. gamma) $4fE7EHEH
HMBL DE FHAEA UARFIEROE SR, AR SRR AN . el =M
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JE AP TR 7 SRR B AN B B AL, JF N FH 3k U3 — A B e AR F A S PR Al

SR E, AR5 RRE T Il PR 1 B E sk D 4EE, I8 Dropout #8/b i

WA, I B R AR, AR AR IR NS RS ST ER 2 AN A Y

B, PMHIEF N B B 005 &, AR5 18 BLSTM i #E KPR B kR &,

B Jo I A TR A Y AR A ) 7 2R EE IR . HNN BLE I ZRn b 75 Ak I3 2.
%% 32 HNN FiRilZiitbid iz

Tab.3-2 Procedure of HNN algorithm training optimization

B 1: Procedure of HNN algorithm training optimization

#iA: train_data, arousal train_label, valence train_ label

Bt R IRREESUR TR HERR

o BN A SN B AR RS H A AR

Net = AttentiveResCNN_BiLSTM()

repeat:
P AN 2%
THE R 5 — = CNN 4%
THE BRI 5 — R IR IR
THEHRRE IS EE 2 SCConv
THEEE L 58 = = CNN 4%
THRAE @ 2 — R R R R
TR —. TR e
1EAE s 1E #3405

o GRS E R B A IR B EEG B8 HEE B

o THEEUE A5 R E R L

: THEEERE BLSTM

o PR B = R A R

: until IEACECRIICEICER 1 L 20K

O 0 3 N L A W N —

e e e e
AN L AW N~ O

3.3 LIt SERN

3.3.1 SKIGHIRE
AT A AT BRI BEG 17 B8 48 DEAP $6iE T ik s 1R &4
W £ AR AT R PER]. DEAP il 8 72 H 95 EAS O I 2 /5 K5 A 22 RFR AR
SN = N TN N e 7 2 B e U< 0L Tl TWNDARE X (55713 S S =B R R 1Y
BHE R, 1038 T 32 L2 R FEWE 40 2058035 IR (BB 1 200D I
AIE S ZEEEY, S5 TENSE MBI (valence) . MREEE
(arousal) + A (dominance)  HUFfE (liking) FATERM, RIS IL
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X THI 22 %S 53 PR E NG5 REE B ARG 5 KA 512Hz XA,
JEHEAT 128Hz B RAE CE AL T 2 Fiab ¥ B0 B RS « A LI 3-
6, VEANE Rk 3-3 Ar.

Pyl

| F3 || Fz || FP1 |
FC5 FC6

| Fc1 | | FC2 |
) e @] [a)
‘CPI‘ ‘sz‘

P7 P8
PO3 PO4
0O1 02

3-6 32 FHIRAT K
Figure 3-6 32 conductive electrode distribution maps
% 3-3 DEAP ¥R MVEAIE R

Tab.3-3 The details of the DEAP dataset

JE i
2l 32 (&bl 1:D
PR H & 40 A>3 RS
2l A 40 %
K 63s (3 FPELA 60 FPikT)
PE R MRRE. AN CECAE %
i P 80 40X 32X 8064
G5 X E X Hd)
P2 40X 4 GRS X F5%5)

ATRH T 32 NMHEIE RS S, KT RAE R 128Hz, JfI8IT 4-45Hz ()
A PR M A JE U 2K 15 5 0 A theta. alpha. beta. gamma VUM B, (RIS VM
BR 7 A5 AR 7 N Dy 28 o R SR B Y AN B 3 AR AT 5 AT 60 AP SELR{E 5 /) DE
I, ¥—4EM) EEG Bl o 4R (9X9) , BEEE A ROt IR B IFR 3L
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MR TE gz, A AR IR 23 (8100 R/ A3 DUREF AR B, X H B T4
RO HE B OCHE ) 23 ARFAE o JE—20 4, JEHE SN R ARBL 10 ds , mT LA = 4
HARLAEN (4X9X9) , XFHE RN F FH S B A (E B . wid B EA kAN
RIS B K15 I, MR BB S SRTS SN A T RIER N IRFAE SR, X3l — 2B intb 1A AL
AT S R RE
332 KWBSHRE
ARERA 6:2:2 LRI IS WIEEMMRE, HAERFHBESHAE L
AT, AR SR R 34708 T TS RMRME. NEPIR
PRR, EIEAREBY 100, #HOCR/NEEDY 100, 31238508 0.001, HFHF
Adam 1EABERIRALEE, X2 BRBZ M LB 8, L2 1E Ak R 3B 0.00001
*3-4 ESEMRIE

Tab.3-4 hyperparameters and optimal values

S BUE e wLfE
Batch size 50,100,150 100
learning_rate 0.01,0.001,0.0001 0.001
optimizer Adam,AdamW Adam
hidden_size 5~10 8
weight decay 0.001,0.0001.0.00001 0.00001

333 SEWERS I
K AR BT IR  VE R TR G A M g A N H 31 DEAP #didE b, 6
W AN AN 2 B b SR SR AT IR ANBIE A . AT B 1 BE VR A R R R
(accuracy)  FEHiE (precision) « HFIZ (recall) Ml F1 4344 (f1_score) &
PE R EES /bR, BRI E AT s
TP +TN

ACCUTaY = TP Y TN+ FP + FN (3-6)
TP

precision = 75— (3-7)

recall = __TP (3-8)

TP+ FN
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2 X recall X precision

recall + precision (3-9)

f1 score =

P« TP, TN. FP. FN 70 BIARER Sy IE TN IE . BSOSt oy 4.
HIRF IR IE . HSIETA RSO . £1_score A&l A% i B A1
[l 2T ST R AT P38, e M TR B AT [ 38 S S R A

IR LE R UNER 3-5 fion, MR AT LR MR BER TR o IR NI IERL
Rz YRR S AT 5EE, AR STHEAT TR ISR . BT S, £ 32 42
H#F o, E8 1 A2 5FNEEERERANRREAR, FIR 31 42 55 N8GO
SRR o IRHE R 3-6 MR 24T, 32 44 2B TERUN 73 AT 55 LI PS5 HEmf 2Rk
BT 93.58%, 1M f1_score [I°F-HIME N 96.46%; FEMLEE B 4 F54E 55 _E P Bk R
N 91.42%, f1_score [{IFIME AN 94.37%. XEEEERTE/PUEM T AR F 1 2 A
# Rz AL RE

# 3-5 DEAP L[fseuiss

Tab.3-5 Experimental results on DEAP

Accuracy (%) Precision (%) Recall (%) fl_score (%)

Rty 96.75 96.41 99.18 97.77

oY

g i 94.95 94.27 97.27 95.74

# 3-6 PSS

Tab.3-6 Independent testing experiments

Accuracy (34  fl _score (%  Accuracy (Mt fl_score (M

e
) e, [LE9) [LE9)
sO1 93.03% 96.14% 90.03% 93.79%
s02 93.01% 96.17% 91.13% 94.30%
s03 92.47% 95.88% 90.86% 94.37%
s04 95.16% 97.32% 88.17% 92.64%
s05 94.89% 97.21% 91.94% 94.88%
s06 94.09% 96.75% 90.86% 94.11%
s07 93.01% 96.13% 91.13% 94.37%
s08 94.62% 97.04% 92.47% 95.10%
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509 93.55% 96.42% 92.74% 95.32%
s10 93.55% 96.43% 93.28% 95.66%
sl1 92.74% 96.03% 90.05% 93.54%
s12 93.28% 96.27% 90.86% 94.11%
s13 92.74% 95.98% 90.05% 93.42%
s14 95.70% 97.64% 93.01% 95.50%
s15 94.09% 96.75% 92.20% 94.95%
s16 94.35% 96.92% 90.86% 94.13%
s17 95.97% 97.77% 91.13% 94.13%
s18 93.28% 96.27% 93.01% 95.43%
s19 93.82% 96.59% 88.98% 92.79%
520 93.28% 96.32% 91.94% 94.82%
s21 92.47% 95.82% 91.94% 94.86%
522 93.55% 96.43% 92.74% 95.32%
523 94.09% 96.74% 93.01% 95.50%
s24 94.35% 96.90% 89.52% 93.16%
525 94.09% 96.78% 89.25% 93.03%
526 90.59% 94.78% 91.67% 94.62%
527 94.09% 96.78% 87.37% 91.85%
528 94.62% 97.04% 91.94% 94.68%
529 93.55% 96.43% 91.13% 94.15%
s30 92.20% 95.67% 91.94% 94.71%
s31 92.20% 95.66% 92.74% 95.28%
$32 92.20% 95.66% 92.47% 95.17%
FIME 93.58% 96.46% 91.42% 94.37%

B2 B AR 28 (receiver operating characteristic curve, ROC) J&—Fi
B R AR BRI BB T H, i 4 LLEFHPERE (true positive rate,
TPR) NAAKR, fEBHIEZ (false positive rate, FPR) AMEALKR, KR Hifli%
rRAIIRI . Forp, TPR 48 (A5 AL v A 4 Tt 1) BC S BB LE 28, FPR FR 1)
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ST B S FI ER A ON IEI I EE R . ROC 2R area fCR 2 th£R T J5 ) THI
i, area MMEHUR, TEARVERET . MK 3-7 (a) A1 3-7 (b) F ] LLT5 %) area
FIME 4353 0.99 F10.97, B] LAIS HAHIE TSR RS 1 2 et e v o

ROCH% ROCEH %L
1.0 A 10 =
4 L
- P
' -
. .
f’ I’
0.8 e 0.8 4 R
- ”
- -
” d
- -
I’ I’
B 0.6 4 e F 0.6 4 7
#H e al -7
o 4 m ’
® -~ 1'uTTr -
" 0.4 e " 0.4 1 -~
- -
- .
-, -,
,’ ,’
' ’
- -
0.2+ P4 0.2 R4
. .
-, -
I’ /’
" ROC curve (area = 0.99) Pid ROC curve (area = 0.97)
0.0 - . T T 0.0 . - T .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10
Gl ES {21k =S
S AN H
(a) Zfr ROC (b) MifiE ROC

3-7 i A ROC i £k
Fig.3-7 Valence and arousal ROC curve

3-8 (a) A 3-8 (a) AR ALEEYIZR SIIEH R fh 2, 45 RER
IRk D It TP AR, R B/IMEIR 2 IIERHU R D 5 THRE, 1
RMZREF, WAHIWE, FTHRECE kR, A0 3-10 fow.
K 3-9 (b) R 3-9 (b) ARFR M AR I 25 5 50 E I HERA 2R, 45 LRI R
WS = T 56 58 R UEHER BE SR v, IS B i e BE AT AT Lok s, Wi
A I I RIS A .

L=-[ylogi+ A—ylog(1—7)] (3-10)
Ay REREA W EIAREE, B0 1, 0RFMAK, 1 REIEL, §FFH

BUT 9 1E S HIRE R

I FNFHEIR AL E VAT E
1754 — JigRER 1001 — s
BiFR%RE BIEEIhE
1.50 4 0.95 1
1.254
0.90 4
B 1.00 i
& *% 0.85
075 -
0.50 4 0.80 4
0.25 1
0.75 1
0.00 4
0 0 P P @ 100 0 P P P 5 100
2R B
= 27 VA %7
(a) k= (b) %

K 3-8 kR AR R
Fig.3-8 The loss rate and accuracy rate
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200 WISRFNIE RS WERFNSEE TR
— lgREE 1.00
1.75 4 BHIFRETE
1.50 0.95 4
1.25
0.90 4
# ] #
y oo a
" b
0.75 4 0.85
0.50 A
0.80
0.25 4 | — EFEREE
0.00 0.75 4 SRR
0 ® P @ ® 100 0 » P @ P 100
Eis/y IR
=] %7 i %7
(a) FRE (b) AR

B 3-9 M A Ok S AR
Fig.3-9 The loss rate and accuracy rate
TRVEFEFE (Confusion Matrix, CM) 72 PPl 73 A AU RE (1) 0B T 5., &l
W F A RN T RER A B e YE. B 3-10 () H 753 H R
218 9.09%HixR 1K, Kl 3-10 (b) A3 HMERELH 15.79% xR, Bk
T F L

AR RN

o - 90.91% 9.09% o - 84.21% 15.79%

Class

Class
Class

Class 0 Class 1 Class 0 Class 1

o s
(a) RAHr TR b (b) PR VR 5
B 3-10 Rt R etV 3 A
Fig.3-10 Valence confusion and arousal confusion matrix

K% A 181 # (precisionrecall, PR) M2k, &N HL 1/ 70 A5 A = B (1 1
REVEIN Fabn 2 —, FH T S5 i o SR Y (v e It A PT FE:  [EL SR 5 K 1 B A0 4
IR Z T bR, Herb i A R, RS, dhZmAEoR, B
EPEREBREE . B 3-11 (a) AR PR #1ZR, X#hZ T 7 AN 1.00, K 3-11
(b) ARKRMLEE PR Lk, iZHIZE N THAR DY 0.99, W] LATS HY 12 A A % e 1
TRMIESRREA,  F HIRIRAN R AR ARG .
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PRERAZE PREIEE
1.00 1 1.00
0.99
0.99
0.98
0.98
I I 0.97
5 5
& 0.97 4 4 056
0.95
0.96
0.94
0.95 { —— P-R curve (area = 1.00) 0939 — PR curve (area = 0.99)
0.‘0 0.‘2 0.‘4 0.‘6 0.‘8 1.‘0 0.'0 0:2 0.‘4 0.‘6 0.‘8 1:0
BExE BEE
A H
(a) 2 PR (b) MifiE PR

3-11 &b Aingeli PR 2k
Fig 3-11 Valence and arousal PR curve
N T R AT I R T SR T IR AR B, A FR PR I SR S B B T
BURIEAT T XA, PR Es RanEE 3-7 P
®3-7 HHARTEN

Tab.3-7 Comparison with other methods

HRER S R EAEITE S Accuracy (%)
SCHR[61] Softmax DEAP Bthr: 84.27
MefiE: 85.86

SCHR[62] CNN-SVM DEAP Bthr: 75.22
MefiE: 80.52

WHR[63] 3D-CNN-BLSTM-GRU-AT  DEAP Bthr: 90.57
MefiE: 90.59

SCHR[54] 2D-CNN-LSTM DEAP et 92.31
MefiE: 91.92

PN HNN DEAP Bt 96.75
MefiE: 94.95

R AT R, AR TR BT A B AR, BAT S 4
PGP o XA SR K HININ A5 22 5 858 1 50 J0 P 3 T PR I T e A A
WK Z, A iR A 5 FE IR TR 1) B A5 8, DR RR 17 ik R TE 545 5 BT
P, I R ERAE SR AR TR T BVEE IPURERTT 1R IERIE B
REEBAAGRZ Pt D Uas 7R ARSI SEmE R B, ST
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BRI AR T R I ERAEE, T 5 B T A (AT A
3.4 KRB/

ARFEHEH T — R AU IR A 45 i A 5 28, B
TR EMLG . DA KA IAICIZ N . 22 A & L], Bah ik T
BRI IZAGRE FT, I A T 30 A AR P T 2K il AL o AR SRR AR A R S
BESREUT I RARA I S REIE AR &, RIS CNN SREOCHE I 25 AIRFE,  LLUCR)
F B = LA BLSTM SR NS4 B 18] P 1 (AR 1, AT i 17 40 S ff 22
FEFEIE. 7E DEAP B4R FISeiR s BB, HNN BEBUTE R 0 Fnge it 7 24 v
HRE BT IUE DA AR B, 225 R] T 96.75%F1 94.95%, J HAEM
SEPAR AR T EHER R, BN 93.58%F1 91.42%, UERH 1AL A SRS
R
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F4E DSHEEEREIENNERBEIES XEE

41 5|8

AT B Bl AS I 4% P A AR R 7 0 465 43 R i FE 8 0 B 3 A T 1
A, TEIES 12 0 2% A e L 1 = DY 43 S e
4.1.1 FHEHREY

FEM HURFAE (K732 b, AT DARRFAE SR HUE 73 g B30 T8 R AIE 225 388 38 R AIE 7 K
KON, BT, KEHF AP FEIERE b, XSRS ST HRFESS), oy 4t
Hloo | TR (power spectral density, PSD) 1071, /M @i081 DL K /N 45 AL 6]
S, —LURMIEAE 2B TE F U RARIE R A E () A B &R, il PSDUOL, O
S FRAF AT R D REZEHEU2), T8 6 00 I I8 FAE OGP« — SO FIAR AL [ 5 455 F
FERRARATAL M 550808 2 (B B I Re e . (A2, BT IhREIERE T 75 B A 52
WA AT FERT BN AT, X HAIE G S R 7 3K o A9 E B8 A s
fiE.
4.1.2 ESEBTHEMLE

BB ZL ML (dynamic graph convolutional neural network, DGCNN)
H Al S i3 1) P A 22 X A A, e T o 2 A P A AR A R B 1) S B R 4 SR
ZER, BRSNS LE ), EH T 2R AR TS, REAEAL
B AN 2SR AL I B oo R L A e (PR . B DGCONNY 2% 2J IR 4R HE [
YA M, Fovedik EEG @il i N rEEs: . A E 4-1 FoR.

BRI TS R (4-1) R

y=g(L)z=U"g(A)U "z (4-1)

b LRORPIE R RE, U 25 St o R % F) 2 S4B 20 RS Y I
SERERE, AR AR, x FoRfE T

T ARME R L g(A)RIRIE I, PrElidd (/] K B Chebyshev £ I
KAE g )R THAE TH AR AT S s By ANl o), BARBe edin s (4-2) fr

7N
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g(A") = Kzleka(/T") (4-2)
k=0

H (4-2) B G-D g R R R DLES AL (4-3) .
y=U"g(A)U "z
K1 eka(j\g) o O

= U” : : Uz
2

- 0 - 6T()
K—1 ~
=> 6.T.(L" )
k=0
Ref: L'=2L" /Mo — Iy

ERRXNERE T x WEBR ] LR N x 584 Chebyshev Z T 7>
BGREGRAE .

(4-3)

=

—aD. A

CEE L am
%@@@@J £ral

K 4-1 DGCNN &5
Fig4-1 DGCNN structure diagram
413 ¥ingg
2% (Transformer) & —FREE TV R UL g i 25 - 23458, 058

A LRGN R 2%, T2 A B R LA 22 Sk B AL R 4
N 7 81 2 B OG22, TS A B B RN P B A5 2 ERL 2%
RIS SS TP S 7 BEFERCR, JERATFRIHTIEE ). ERATHE AR
B e %) R o P SR 1 o P A 174 Transformer SAZERI WA 4-2 Fir

N, GRS ER ARG & 2> AN & 4-2 WA 8 A 28R o B . RS DU B,
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Positional Encoding ({37 B 45 ) : A4 token MNINHAL B (F S, [N Transformer
A E AR5 - Encoder Layer (4wfd)2) : BH N K, B CELHE LN REER
Add & Norm (B ZE3E#E 5 H—10), 7E8:4> 1 J2 (U Self-Attention 1 Feed Forward)
JERINR 2SR, TR —1k; Self-Attention ([VER LA = FRUFHIAY
FEA A BN token 2 [RIHEAT B V15, AN IT B8 B Hi e $2 46 ¢ 2 s Feed Forward
CRITRPREE N ZE ) o —ANRT R IR PR M, 380 L4 P AN 2R PR WU AT — > ReLU
WS R % . Masked Multi-Head Attention iy RG22 SkiE 2 ML - 7EARID 2
A, AR A SE O a4 i tokens. Linear and Softmax (81425 4 Al
softmax) : X FA&M%HH embedding HEATE AT, RGN softmax pRETS
FIMEA 34 . Multi-Head Attention (2 3kVERINLED - 3@ BEROENLS], &
I Z AL heads, AT LA RAS [F] 5 1H 1922 ELAS B

Otput
Probabilities

Softmax

Linear

o

Add & Norm
Feed
Forward
Add & Norm
Add & Norm
Multi-Head
Feed Attention NX
Forward [N )
NX Add & Norm
™ Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
B ()
Positional Positional
Encoding _? Gl Encoding
Input Otput
embedding embedding
Inputs .Outpu.ts

(shifted right)

4-2  Transformer 14 24514
Fig.4-2 Transformer architecture
4.13 ZRFEEN
5HAE A, (EM AT RS R, A A, SEAE S LA
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A 20 R h IR MRS q. kR v 451, XORAwI. A5,
TEEW . BERVE AR b, IHTHIBITIE R R, A . e
(TR AR IR AT, B8 ZE, i 4-3 s

%R /1 (Multi-Head Attention, MHSA) : fESLEkF, ZAHEETE
LT HES, AT R B AERE WG, B AR 2 kiR
JIMGE L, 22 Sk R ) R VIR E AN [ ) A7 B 4 /) Dok B AN TR 2R 1 2 RIS
B, wEARK 4-4) , X 45 M4,

T
Attention (Q,K,V) = softmax (QK )V (4-4)

Vi,

MultiHead (Q,K,V) = Concat (head,,...,head,) W °
where = Attention (QWZ, KWK, VW)

(4-5)

Multi-Head Attention

[
Scaled Dot-Product :LE h
Attention
Al| Al A
| | I VJ

[ [
[ [
‘ Linear L_u ‘ Linear L_u ‘ Linear

by

\Y K Q
4-3 ZRIEETIHLE]

Fig.4-3 Multi-Head Attention

4.2 ST EETITE INEIERIZH

FASE 2 BB = )4 (DynamiSpatial-Temporal Graph Convolutional
Attention Network, DST-GCAN) 454 7 DGCNN Fl Transformer 4544, 7843 F| A
P I RS IR AE I 58 BRTIIIAE 55, BB B AR SE R 1] 4-4 Fiom . BT 5
i3 DGCNN gl i N s 1 Jm i Bl 454445 5., Horf BatchNorm1d #EAT#E
FrifEfL, Graph Convolution )&% [, Residual Layers fll ReLU 7% pf £ 38 5%
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BhEE AN AELe P RIARE f1; B BT Transformer FEHR 22 3] 4 R 4EAE, | H
Positional Encoding i3k 7 B 5 S, 2 3kiFE=IHLH] (Multi-Head Attention)
B4R R0, Bid Add & Norm #1 Feed Forward 2R THEFE R AE J1. B
J&, EAGEL Global Pooling #4711 s 5 B & e RRHE, 4t AR
#& (Linearl-Linear3) Al Soft Thresholding R i B EFAE BB, Fe & % H
25 AR R S 4 R RSO 25 &, FIA DGCNN 3725 B 2 1 R i 4
N Transformer J3 & JIHUHIRT SR, i ik 72 1 H AN Ak B VR 3 o )1 ks
SEVERUES53E S, 2 PR Kb B AT 70 b 454 55 th R L

%k DST-GCAN R VR RIAAE L 4-1 e .
Hik 4-1 DST-GCAN (i)l 4R 532
BN NGEAR XY, SRESERE K, AKX E num_epochs, R/ B, HAhIENI{L
S
Wi RER
1:7E GTN A I 24

2: for ep=1: num_epochs do
3: WAL AEE: correct=0, total =0, total loss = 0;
4:  RIFTELR TR S output;
5. THEBUK loss;
6:  FRITTMFRZE pred(ifiid outputargmax(dim=1))
7. EHFRIUTGIE,
8: IEWATINAEALL correct;
9: AL total;
10: HRMEZE N total loss;
11: a4 4% R 24
loss.backward()
optimizer.step()
optimizer.zero _grad();
12: FTEN TR0 R AIHE R 2,
13:3R [l f FEMAHERA R acc_test best;
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-
Y
=

EEG Features

Positional
Encoding

Output
Result

Surjood 1eqoID
Surpjoysory L,
yos

wWION 79 PPV

Transformer
Kl 4-4 DST-GCAN A1 44

Fig.4-4 DST-GCAN model architecture

4.3 LW SERAT

43.1 KBRS

A F AT 8RR EEG 15 845 5 SEED A SEED-IV 561 AT $i Hi A5 7Y
LR R METOS), SEED Hid &2 th RIS K EFF R . LRk T 15 A
W E B2 BT CRLE IETH . PR = 2 (R AR R, A B
Y0 4 b akE N 1S 4 (7 58 L, BAREREHT SRS, BIRSER
FHRE— o BXRSEIA 15 MRS (RDWE 15 MR TBO , BN BZEE 15
PR, WELWREE 10 BRERRE, LS 5EME MG B i

SEED-1V #4548 [RIAE R i S0l R AT R A 5 « SCERATitss 1 168 1
HE B DU R 2 (DR 605 RUBRIR I MEREME, 4 42535 (22
LA, BINRFAE) SFIX ey BUE G AT VR AT 7 o A HIBR RS 15
AR (EEA I T 3 HSkgn) msdR, =4 sei i Hrlgoe A E, &
45 A8 . MABEIE 24 MR B (BRESA 6 MRBD , AR
B R RS (B 2 7 Bh o 155 KEE S AL 55 SEED B4R, XK HAE
ST T AL, R RO IR IER S RAE. B RE S, KEE T
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200Hz HRAER T RAE, NIERRME R AR, £ 0.5Hz A1 70Hz 2 18] F 7 8 I vk
RN EEAS ST A, RN 62 SR, B AR W 4-5. FEIE B 4-
2 Fi7so

PN

7] (5]
(s rm]a ] e ) L)

LT [Fes) (o] [re] [Fez) [Fe] [ree] [ree] L8]
7] [ (o] Lo [z [e] [a] Ce] [
m) () (@] (o] [@2) (] (] [@6]) [
Cr [B0 [B] [Cr) [2] [ (9] (R [
o) [P0 [Fon] [70z] [7or] [706] ]

Kl 4-5 62 TR K
Figure 4-5 62 conductive electrode distribution maps
R4l BHRENTEE S

Tab.4-1 details of the dataset

EAEITE S JE Pk ik
S an ey 15 (75820
PSR 15 /N PY 4 B A
SEED T H R A3
i P 4 62X 47001
(channel X data)
PR H 1X15 (15 JiRED
2R 15 (75 8 20
SEED-IV
PRAT 72 A A
Z AR A3
i P 4 6235001
(channel X data)
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432 SLIGRE
SRS B A BEE LG IR 4-2 Fis.
F 42 BURAEAI S

Tab.4-2 Summary of datasets and experimental settings

EE/EE S 1£55 f s HE RS HUNAWIE S FFAE
SEED 3 emotions EEG, session- train:test=7:3, PSD, DE in five
Eye dependent leave-one-out bands(1-4Hz;
movement Cross- 4-8Hz;8-14Hz;
validation 14-31Hz;31-
50Hz)
SEED-IV 4 emotions EEG, session- train:test=7:3, PSD, DE in five
Eye dependent leave-one-out bands(1-4Hz;
movement CTOSs- 4-8Hz;8-14Hz;
validation 14-31Hz;31-
50Hz)

433 WHERSHH

A SCXF SEED Al SEED-TV HEAT 1 ST 4 00 S 36 AR S 06 (1) 40 2%, DAVl
AV RE
4.3.3.1 BST A 5256

X} SEED, SEED-1V, A I SZA I SE56 () 73 R PPAL A SCHOBE Y . ALk
K, RAE A XIUE, BITERREAEIANE, 78 14 A2ilE BIIgGaR, JIf
FERIR M2 AE BTN v TR Ay, AR T AdamW 46
BRI/ MU . TR H PR B AdamW RALER ISR, 225158 0.001,
U IHER N 0.01, IMIEER/INA 64 FENZRI FEH R T dropout #4F, dropout
0.5, CABEALRE 1E P62 1% Bt . % 15 /M52 33& ¥ SEED/SEEDIV %
YalE, BA—A8 SO IHEAT 15 Ko ARJE, A8 FH AT SRR T- B0 A ke PP Al A
TIMERE. SEIRSS RANE 4-3 Fon, B PTREaY 5 HAR VA4 /AT LE, gt
(K HAT delta F1 beta % BARFAE K ECHATAH [F)RFAE I A D7 72 S 30 1 50 m IR HERA 5
FRALTE SEED #i#i 4 b 1P 31k 3] 82.33%, fE SEED-IV ##fs 5 Ei-F1y
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WML R 61.34%, LTIH 7%,
% 4-3 SEED Fl SEED-IV _L BT 0 SE56 4 K uEff R CPIE/REZD

Tab.4-3 Independent test experiment classification accuracy (mean/std) on SEED and SEED-1V

Model delta theta alpha beta gamma all
band band band band bands bands
RTNN[76] - - - - - 79.54

/—
SEED DGCNNJ[73] 49.79 46.36 48.29 56.15 54.87 79.95
/10.94 /12.06 /12.28 /14.01 /17.53  /09.02
SVM[77] 43.06 40.07 43.97 48.64 51.59 56.73
/08.27 /06.50 /10.89 /10.29 /11.83  /16.29
DANN][78] 56.66 54.95 59.37/ 67.14/ 71.30/  75.08/
/06.48 /10.45 10.57 07.10 10.84 11.18
Our 51.54 62.96 53.48 71.44 68.00 82.33
/10.55 /05.76 /11.14 /08.32 /09.43  /04.76
DGCNNJ[73] - - - - - 52.82
/09.23
SEED- SVM[77] - - - - - 37.99
v /12.52
DANJ[79] - - - - - 58.87
/08.13
Our 50.61 50.58 46.43 46.40 42.79 61.34
/09.94 /10.10 /07.82 /09.38 /05.14  /07.70

4.3.3.2 KA S

XtF SEED, SEED-IV, i ISR 1 73 FEOR VPG A SCHIRE AR . BRI
RIS IR 3.7 RIHHEESE, 7T0%H TSR, 30%H T EdE.
WL RN 4-4 Fros, B P B 5 AR IR 2 R b, AR AR DA Bt &
EAREASOC T HARR AP fE o
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#* 4-4 SEED F1 SEED-IV _b R SLL 0 R MEm R CPESME/ArEZE)

Tab.4-4 Dependent experiment classification accuracy (mean/std) on SEED and SEED-1V

Model delta theta alpha beta gamma all

band band band band bands bands

BiDANN][80] 76.97 75.56 81.03 89.65 88.64 92.38

/10.95 /07.88 /11.74 /09.59 /09.46 /07.04

SEED RGNN[81] 76.17 72.26 75.33 84.25 89.23 94.24
/07.91 /07.25 /08.85 /12.54 /08.90 /05.95

DGCNN[73] 74.25 71.52 74.43 83.65 85.73 90.40

/11.42 /05.99 /12.16 /10.17 /10.64 /08.49

SVM[77] 60.50 60.95 66.64 80.76 79.56 83.99

/14.14 /10.20 /14.41 /11.56 /11.38 /09.92

Our 89.57 88.78 85.83 93.14 96.59 98.54

/09.37 /08.54 /11.54 /09.48 /06.62 /01.86

BiDANNI80] — — — — — 70.29

/12.63

SEED-  RGNNJ[81] — — — — — 79.37
v /10.54
MD- — — — — — 87.04

GCN[82] /05.21
DGCNN[73] — — — — — 69.88

/16.29

Our 67.54 6330  57.09 6824  67.79 90.25

/08.61 /13.31 /13.36 /16.84 /16.60 /12.73
M IR FAE TT LU HH AR SIS TR A 1 FELAE 15 R P R I R R, A
SAE & BBl e, [FINRER 1B RbRAE 2, Ao E tEAvERR ISR T
DA SR, o AR A B A I HLA S KRR N PR 5K e 0 AN SRV 7
4.3.3.3 JRIEHIE
IRVEFERE (Confusion Matrix, CM) 2 1Pl 73 B RIMERE G LR, i@
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R LR T R &R T A . 18] 4-5 JROR AR VR VA 5
Fe. MK 4-6 (a) F1E 4-6 () HATLIfFH, £ SEED b, Joig2 hsrillidses:
ISR S50, TR ARURN A7 248 ) R 31 55 LT A0 155 4 AR v V155 8 1 Ul R B
ME 4-6 (b) ME 4-6 (d) AL, 7 SEED-IV _EAGH 7 YRS 25 R
BRI R T HAt G S . Ut AR X o 1E SRS BT TR I €. [FIRS, &
AR T RELF BRI M —E MR N ES, JUHRE “BUR” g
ZIH], X — R, BRI R AT P RS (0 2 5 38 W] e 23 AR AR AL G
P

Confusion Matrix (Percentage)

True label
True label

happy 19.03% 19.31% 14.99%

10
negative neutral positive neutral sad fear happy
predicted label Predicted label

(a) A7 IAELLS: SEED (b) ML SELE: SEED-TIV

Average Confusion Matrix (Percentage) Average Confusion Matrix (Percentage)

0.8 0.8

0.6 0.6
- 0.4

-04

-0.2 -0.2

happy
\

! \ ! .
neutral neutral sad fear happy

Predicted Predicted

(c) kMK SEED (d) HHLs SEED-IV
Kl 4-6 DST-GCAN [¥IRIEHFE

Fig.4-6 Confusion matrix of DST-GCAN
4.3.3.4ROC h4k
ROC 4k, WHRIZ2AE TARRFERT 4R, 2 gt b F R vrAl 7 KA
HERER) L E . ROC 2k it 22 #1| B 1E K (True Positive Rate, TPR) X I (False
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Positive Rate, FPR) 3K ferr7r F B4 B AR 1B . ROC HHZ T Y
M (AreaUnder the Curve , AUC) ¥ HIRE B MERE, AUC MEANT
0% 1 Z[a), EHK, BREMRERLT ., ACEELE SEED Al SEED-TIV ¥
8z B2 ROC i 2R MR8 1 RE, 1] 4-7 () W R R I /2 SEED #idfs 4k ROC
ek, BP=FEZEiEM. MR AUC FI{E 278 0.97. 0.98 F110.99. K
4-7 (b) FJE/RISE SEED-IV H#i4E ROC MiZk, JE/R T WA IG5
ROC gk, e R R I, AUCAEEE] 0.99, TR
I EI R B 2 H 5, AUC B9 5 0.97, RARZRAIAY I —% , AUC fEN 0.96.

MO by DA, A AE (X 43 AN R 16 26 5 T A B0 A T AT AT S 1

Receiver Operating Characteristic (ROC)
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',’ Class negative (area = 0.97)
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(a) MKHISLEE SEED

Receiver Operating Characteristic (ROC)
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(b) K55 SEED-IV
4-7 DST-GCAN [f] ROC Hfi£k

Fig.4-7 Receiver operating xharacteristic of DST-GCAN
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4.3.3.5 BUBME T

KRBT TBRABEAR L2 A RECFIMERE, B 4-7 s, Bk,
2 L2 ALEF M 0 #9n%) 0.1 if, SEED Independently FIUERGYERSA %, {H
PIPRFELE 80% LA |; SEED Experimental [J#ER I FEAREFAAL, 462405 100%:
SEED-IV Independently FI#ERfPERSA T, (HA3K T 70%; SEED-1V Experimental
FRIHERS P AT T3 T, (EATI SR AR o Ui AL R B0 T AR — e
Wi, AR B A B BAT — & 1By bl & M Re .

100
920

80 ~— ¢ Tm———
70
b 60
g
= 50
3
< 40
30
20
10
0
0 0.001 0.01 0.1

L2 weight factor

4-7 L2 BUE R EAE LA DST-GCAN [ 5 K HER R

Fig.4-7 Classification accuracy of DST-GCAN when the L2 weight coefficient changes
43.3.6 fikihsk

SR (Loss Function) /R RLUIZRA N, H T & HNES &
SAERIZE ST, 18 P B o A8 5 R FHAE U545 2K bR 25 (Cross-Entropy Loss ) 101,
EH T 20155 . BeMS BTN SE RS B R (a2 57, JRald S ) 1 7%
AR 4, S m 7 Ruerie, HEE R ANX 4-6. E 48, 49 2
SEED #4558 4t 37 P S B0 R A S 36 (1 457 2% BR B 2 o MK 7R ] DA
EASRLI RIS E R, B 0.5 BEEIIZRRERn, (g Pk
NBE, ERBCEF] 1020 AN, BURMEREICE] T BARMAK . 72 R 2L M1Zad
P, URMEB TP, BEhBUh, FaEqfE 0.02 /4. & 4-10, 4-11 /& SEED-
IV 58 B ST A S g0 AR S 3 i 2k s Bt 42 . ASTR) T 4-8 AT 4-9, 8] 4-
10 5 4-11 YILAIRRAEHE R S, 2008 1.2, FAEEEE 30 WG A B 2EHEKT,
TAE, FIRFRETE 0.02 /24 . BEABI BA B m & fiz 1 e
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L=- ylogy. (4-6)
i=1

A L RN IRRAE, 9 R TUFEAR SR £ RO,y o5

S

Training Loss Curve

e

0.5 4 r —e— Training Loss

0.4+

0.3 4

Loss

0.2 4

0.1+

0.0 4

Epochs

4-8  SEED 37 I 5256 452 2K bR B

Figure 4-8 SEED independently testing the loss function of the experiment

Training Loss Curve

T
100

0514 ® —&— Train Loss

0.4 1

0.3

Loss

0.2

0.1

0.0

T
0 20 40 60 80 100
Epoch

4-9  SEED H#i S 5645 K bR 4L
Figure 4-9 SEED depends on the experimental loss function
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Training Loss Curve

1.2 1 —e— Training Loss

1.0

0.8

0.6

Loss

0.4 1

0.2 4

0.0 A

T
100

o
¥ ]
(=]
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[e2]
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& 4-10 SEED-IV 37 M4 5256 451 2K b8 %

Figure 4-10 SEED-IV independently testing the loss function of the experiment

Training Loss Curve

1.2 4 —8— Train Loss
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Pl 4-11 SEED-IV {Ki 525635 2k R 41

Figure 4-11 SEED-IV depends on the experimental loss function
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4.4 KB

FEARZE S, 27— PEETIREE S 2 DST-GCAN #£ M4, TR
o ZAEALEI 45 & DGCNN Al Transformer 2244, 7840 K% T WiH L. Bk
ZEERA RN T IR 2 T R BE T R R R, [RIIN S5 T RAEOR B RE T« 20E
B AIHUI A B 8 SCTE A N RFAE IO A [F) 350 43, AT 4 T ) 52 2 s X 2 =T g
r B G I 9 7RI A5 R AR, BOREZ S T RE AR AL, 4R TT TR
TUHPZAGRE ST o T2 2] AR HERE R 45 5 TR SR QBRI , A R B 3R b N A
F B L . FEPIANATFEIESE SEED F1 SEED-IV _E33E47 2 37 494 00 S 56 AR 5t 5
B RS BT HEAT PP, A2 SZ AR 5256 73 S HRAS 1 82.33% A1 61.36% A HER 2,
TEMTR S50 23 T HUAS 98.54% 1 90.25% KR 2R,  Lh H AT Jeidk (R B [ HE R %
s UER TR R R AT S
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£ 58T NEBENZHFIEREDREE

51 3|5

A 5 B I S At AR R B IR ZE R . AR I —
REAE 3 28 75 2508 AN BE A PR FEL B (M e — R BB B, ML T RAE BN AR
TEMTE ST, ZAHERS 2 R EE R, 2R R R 3 g, &
A5 2 AR RE R BT I IR EAT B, i H B8 1 2 SR AR BT I 7 7 1)
AEEH PSD. DE. ZSAXHR (differential asymmetry, DASM) . FRPEANT
PR (rational asymmetry, RASM) FIAXIFRIEEE & (Asymmetry Measure, ASM)
VERRAREAFAE . PSD S I FLZE 25 ST B BB 52 o0 A, AN ) A3 i R BB 1) DK i Ty
BEIRAS: DE W LAEAL EEG WIAIE LS B R, ENFIT 5 3R EA [FAMA3h
ARSI, e RGN, [RBCORMSEHRPRAS; DASM. RASM F1 ASM ZE£E K
FEATEERDIBEA K AR L, DASM 8 T 2 500 12K £ 535 3 P (19 24, RASM AR
WA FRE BRI, ASM #TE SRR EA NI . 5HANRFEAALL, X 0K
MEAATERR T AR Z YRR A R, AT S0 I, AU, iR,
RE B RS HE (AR FLS S BRIk, T R o R 1
5.2 BxERFFEMLIA

5.2.1 BHHHE

I URFIE S AN EEG 15 5 IO 8] 7 K rh 8 UK GE v RRAE,  Re I 5 5
MR AR A AT RR I o 8 LI SRR IR RE ME . 722, bevlE2E. Y7 ARE.
fmBE Ve, MRME. BT ReEMELNEE. Kb, BEMTZMIRE S RBE
FARBTHRERE , brit 25 A0 75 AR A A KA A5 S kB, M FE R FE IR BE 5
IR IEANRBIFE L, MAER R SIIRETE, S REMELCEH T
55 ISR AR LA
5.2.2 SJUSAFE

PSRHIE 2B X EEG 15 5 3T M B AR #0557k, ARSI 73 & i
HURRRAE, DU WU 5 75 5 ANMTBL 0 R 52 o0 A1 RIS ZR RV o 8 L IR AU AR A A 456
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DNEG B L P, g, A gE . oS Hid, DhERIRE T E A
[F AR 5 B RE R, P39 ARER A O R 0)  RORA5 5 (1 S IRRHE, 7 58
WS 530 0 A R B, B I 215 S SR A SR AR FE, RENS SE AR e i R AR
EEG 15 5 A . thsh, EEG {5 5@ % 4 2fif 9 6 (0.5-4 Hz) « 6 (4-8 Hz) .
o (8-13Hz) + B (13-30Hz) Fly (>30Hz) ZEAFESEL, FMHES AR KK
I 7% 1) R BRSOG4 rh A A1 FH T 383 5 P AR 23 R P MR I, D3R 3
FRERTEINEM (5-1D Fra®), SRR TR 3.1.1 e
P(f)=1CHI? (5-1D

HepC(f) RfE T R (sl B0 . & 30n:

C(f) = / (e gt (5-2)

A x(OFR RIS, e R B A% s AL
5.2.3 ZIHAFE
IRHEE /0T BEG {5 S EAFIEE E A= 50A0,  BEEUN X 8] 175 3
REARRE DG, W AR A B . L, 2 RARR . AR A
SIPRIERE SRS . Horb, JRARHE el N A AR I ge ik R R, s I A A s
SEAESS IS RIENE, 72 e AT B 7 5 kAT 2 08 5, TH TR 25 P 4
AR IERFAE o BRPEANKI AR F TR R /e 4 2 BRTE KR € 45 Calpha % beta
W) BeE A 22 5 RRFAE o AR B A2 0 FELAS 5 20 AT Hh S A R 7 A5 Bk
T2 22 S R VRFAE , I D . RAE SR bR SO 28 . DA B BRES T ) fw
MR o A8 o 2 5 ] 22 R R R BRSO FR . AR ARIE &, ISRt
DE HFAF 2 8] 1) 2 57 A1 L 21690,
RN 5-3, 5-4, 5-5 FioR:
DASM = DE(Xiett) — DE(Xright) (5-3)
RASM = DE(Xicett) / DE(Xright) (5-4)

_ ‘DE (Xleft) — DE(Xright)

= DE(X1p) + DE (X ) (5-5)

ASM

A Xierr Xright 275 20 A7 BRI HL ARG
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5.3 LIt

AEAEH SEED M SEED-IV e T5L5, &H DE, PSD, DASM,
RASM Fl ASM FiE, S FH SN & 16 77 V2 20 6 AN [R] AR ARFALE R 4 T 1) 22 %
fESE . BUEAIUER B S A0, BERAN 1, L 2 R R . SR
PR 5-1 fioR.

AN
AL
bl
T FEIX TEI
REAE HFAE HFEAE
’;’EjA ’;EjB ;/ch
T P ey
W& L
A I 25

TR SEAEAT e
R

K 5-1 seig it A

Fig.5-1 Design of experiments flowchart

5.4 LWWHERS

54.1 ZY¥HEHRE

PR IEEEF ) DE, PSD, DASM, RASM il ASM #FiE. 2 HI4H A1 A
[l RFAE SR G, 0B NRRAE B 18 B — VR 28 SCIRE AT 2 3 0k 5 6 i 45
70%1E N ZREE, 20%1FE AR EBEAT WA SESG o il DST-GCAN Si%xf 2 ML
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PaSEAT SR, P RS 70 28 )5 W P v 2 LR 5-1 AR 5-2 o .
%% 5-1 SEED RIS S0 1 70 a3 I E/AREZD
Tab.5-1 mean classification accuracy (mean/standard deviation) of independent tests and

dependent experiments on SEED

FAEH A gLIRVATIN7Y A X
PSD+DE 78.83/07.94 98.32/03.68
PSD+DASM 76.12/08.87 97.62/04.99
PSD+RASM 76.14/08.24 96.83/05.01
DASM+RASM 67.88/10.29 95.60/08.95
PSD+ASM 79.55/04.50 98.60/02.77
PSD+DASM+RASM 75.84/08.25 97.56/04.04
PSD+DASM+ASM 74.84/10.19 97.71/04.43
PSD+RASM+ASM 74.50/08.38 97.63/04.55
PSD+RASM+ASM+DASM 75.08/06.31 97.65/06.22
DE+RASM+ASM+DASM 72.99/07.44 97.46/05.26

% 5-2 SEED-IV _I A7 RN AR o SIZ 56~ 42) 4 SR UHERF R CPIMEARHEZ)

Tab.5-2 mean classification accuracy (mean/standard deviation) of independent tests and

dependent experiments on SEED-IV

FAEA & gL YARYIINZY MM
PSD+DE 51.90/08.59 84.49/12.72
PSD+DASM 52.70/10.55 86.57/13.10
PSD+RASM 51.97/08.98 80.43/15.50
DASM+RASM 49.82/08.44 79.14/16.53
PSD+ASM 62.01/09.64 90.40/13.34
PSD+DASM+RASM 55.06/12.79 84.96/13.43
PSD+DASM+ASM 54.33/08.37 80.12/14.97
PSD+RASM+ASM 54.30/09.16 83.86/14.30
PSD+RASM+ASM+DASM 55.24/08.70 81.36/16.51
DE+RASM+ASM+DASM 52.77/08.68 80.70/15.79
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MR 5-1 1 5-2 W] DL H PSD+ASM $FAESE (1 73 F8UR e i, 437 7E SEED
Kb S T TR AN A AR 34T 79.55%F1 98.60% 14> 251 i =, 7 SEED-
IV #4450 S7 P AR I h 3R 45 62.01% A1 90.40% 1 73 28 HE Al 22
DASM+RASM FHIESRBUR B 72, TR AT BEAE T DASM Al RASM AN 2 i [X ]
RS S AXFRIE, 7T Ae 28 FAOCHRHE, W MRHIER R A EEREE, S50
RTCE R I R 8 A FE Bk IE = 1 AE . DE+RASM+ASM+DASM #1iE
FERCRANBAR, SRR Z 8] = FEAR DG, FIRES FARTHE, BRMRsr SRR

N T B AT RIS E RIS, A o SEae A5 RS BUA I T SOR
AT TRTEEo BT, HeAsess sk 5-3 Fior.

53 IR

Tab.5-3 comparison of experimental results

RFE VAESVIRrS SRR
EMD+CSP SVM[84] 0.9200
N AL AR IREAE & 24 [85] 0.9406
NS H AN A SRARRE RE KA 0.9345
B AR (CNN+RNN+SVM) [86]
PSD+ASM DST-GCAN 0.9860

R LB RN, AFHEH R A MR T A TSR, B s
SIRAERE, EZAL A A R
5.4.2 JRAFERE

0 TR RSB (R 4 SRR 4 T8 I TRV HE B — 25 o T A R AE A2 51
I VR R R BE A EL AR S AN S ) B SRR RS S T AR A 2 T R R
M T F 7R AR B AE AN [F) A5 IS0 B R ROR , R HAE IR /3 R 53R 7 K2 (]
I AIE DL . FEARZ SR aE ey, Iy SR 00 B iy A S B ZZ I A G 100, 4n ]
5-2, & 5-3 2350 7R SEED S P S 50 AR R S 40 (VR IE FE RE, 18] 5-4, & 5-
5 3l &7 SEED-IV M 37 I S 50 FHAR RS S5 56 P VRS ¥ REL R
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(a) PSD+ASM
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5-2  SEED M57 il =256

Fig.5-2 SEED independent testing experiments
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Fig.5-3 SEED experiment-dependent

Confusion Matrix (Percentage)
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sad fear
Predicted label

(a) PSD+ASM
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60
Confusion Matrix (Percentage)
55
negative 31.02% 23.82%
50
a5
neutral 22.45% 36.22% 40
E
30
positive 20.64% 19.10%
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negative neutral positive
Predicted label 20
Average Confusion Matrix (Percentage)
u - 08
S
2
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2
= £
3
g - 04
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o
H
2
g
negative neutral pasitive
predicted
Confusion Matrix (Percentage)
50
neutral 14.56% 6.94% 21.84%
W
sad 25.84% 23.32% 24.40% 26.44%
0
fear 12.05% 29.05% 19.93%
20
happy 27.32% 24.21% 18.10% 30.36%
neutral sad tear happy 1o
Predicted label

(b) DASM+RASM

5-4  SEED-IV J 37032 5256
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Fig.5-4 SEED-IV independent testing experiments

Average Confusion Matrix (Percentage) Average Confusion Matrix (Percentage)

o4 -04

-03

-0l

happy

neutral sad fear happy neutral sad fear happy

(a) PSD+ASM (b) DASM+RASM
K 5-5 SEED-IV {K s
Fig.5-5 SEED-IV experiment-dependent

RAE B 5-2 Fros AFESE 73 85250, TR 70 RACR I EFIR positive FE1K 732K
HERf R AR =T negative Al neutral 2. X—IL R M AEVET negative 5 neutral P
REEARLETEASFAE ERABGEARRME, SBUrBEE 5 R  TRIE 4
Rt —BHNE TR — IR positive 871 5 HoAth 19 28 2 8] 1 9% 4 3 12 KT
negative 5 neutral 22 [A] 158 X AR A2

M 5-3 BRI R AR, 15 positive R B RILFREAL . BEA,
M 5-1 AT AN SIS R AR S REEARYERFAE 95%LL bo 3X—Hidfa i bt 2
B, AR IR 7 SRR A TS T R LD R A7 RO VERE, TR RHI LB, HIEEA

M 5-4 (b) A, BEAYLE neutral ZR IR 5, 73 KRR T H
Moo HSR, BRI RER R AE . XK B DASM+RASM fE AL P neutral 2
Rt —E s, B&Ichkb. ME 5-5 hal LA H neutral 851143 KRR
FIFEDR T HAR =38, JRRAET neutral ZEHIE R @ U FAR X BN . (£
RS, HA = 2RIERBAAEA R ERRIUE, WREas, imesiy
TEFI W Iy 25 5 7= AR TR

5.5 KRB/

R T H U 2 RE SR B S A G LA S A S MR RE AR« 43 ) SR ER
SEED, SEED-1V #4451 DE, PSD, DASM, RASM, ASM $fiF. i&H45H1E
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BEATA A, IR G G R IESEHEAT 4 RS0, i Seie 45 vl A, de PR AR M
fIE4H & 72 PSD+ASM, f£ SEED ##E4 bk STl Al i i o BUAS: 79.55%
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