%81 W R ¢ Vol. 53 No.8
2025 4E8 H ACTA ELECTRONICA SINICA Aug. 2025

ST H A IS 145 [R) 22 A0 A AU
I L T S 28 T

BB AR AR
(1. il S Be e ST LA B B BE 24406152, FRMARTTHE+- /5 BHIF TR, , W R #RH 450015
3. H M T HRL B AR 22 B3 L TR B VLI M 21316454, 3N K225 B TR 5w WL M 225127)

A OE: RERER AL B AR SR . I (ElectroEncephaloGram , EEG) {55 P25 & £ 5 10 A4 )
B AL O R B BT M BB AR . SR, EEG {55 RHIE B 22 278, HAAAE 10 35 AR [ 22 S A 1, 3
G HLER 7 20 7 BT IR 2R R SR A 2 AL B 22 . X — PR, A S T — R T A RS TS (M 2 A 40
33E W (Reconstructed Transfer Subspace based Multi-View Domain Adaptation, RTS-MVDA) J7 % . iZ 7 B0 A R A
ST AR I 2 A 2 S IR R A IR A B IR RO C R L O TR B AR 2 A
B 8 — A IR R A AR F45 ). B F 2 M RTS-MVDA —J7 [ FI FH S A R & R I B 15 2.
FEIH AR R PR B BB HNE D 55— T, RTS-MVDA SRR A 80 50 U IR B AR,y U] 1) 53 25 5%
BEAN , RTS-MVDA #5240 A Wa J 00 S50 FN 4 Jmy 45 44 DRAE 0T, 22000 AR W 0 01 SR FH S Sl 25 15 B B s 2 oy SR s P A
ZEME o B 1, A R A R R TR AR B A6 1088 725 8] P () A Sy 25 W 43 A, DT B8 A A0l U 3l 1 S S R U % 2 H A
I . 7E/2FF DEAP(Database for Emotion Analysis using Physiological signals ) (4 4 I A9 SZ I8 301E K B - BT # RTS-MVDA
D5 5T M R S AR A 0 3R B0 T 73.15% 1 72.91% (1) -3 HERI 2R, H: Precision . Recall #1 F -score #8734 2 2
FAHRXT 5, A BT T B9 EEG 1 BRI i it Fvz AL g T

KR MR OUEE I ; T ] AR B L (BEG) s 158k 2%

EE&TH: FEKAAPAIES (No.62032005) ; 51 B2 Bt A A 5 BT H (No.2024tlxyrc020) 5 Hi & 27 Bg Bt H

(No0.2025tIxyxdz051)
hESES: TP391.41 NXERFRIRES: A MERS: 0372-2112(2025)08-2830-13
8 F 23 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20250486

Reconstructed Transfer Subspace Based Multi-View Domain
Adaptation Method for Electroencephalogram Emotion
Classification

HAN Shao-yong"?’, ZHOU Guo-hua®, YIN Xin-chun*

(1. School of Mathematics and Computer Science, Tongling University, Tongling, Anhui 244061, China;
2. Postdoctoral Scientific Research Workstation, Bank of Zhengzhou, Zhengzhou, Henan 450015, China;
3. Department of Information Engineering, Changzhou Vocational Institute of Industry Technology, Changzhou, Jiangsu 213164, China;
4. College of Information Engineering, Yangzhou University, Yangzhou, Jiangsu 225127, China)

Abstract: Emotion recognition is the key link of intelligent human-computer interaction. Electroencephalogram
(EEG) has become an important carrier of emotion analysis because it contains rich biological information and is difficult to
disguise. However, EEG signal features are complex and changeable, and there are significant individual differences and
time variability, which lead to low accuracy and poor generalization ability of traditional machine learning methods. To ad-
dress these challenges, this paper proposes a reconstructed transfer subspace based multi view domain adaptation (RTS-MV-
DA). This method regards different features as independent perspectives, explores the uniqueness and importance of each
perspective through multi perspective learning, and mining their complementary relationship. Its core is to project the multi

view data of the source domain and the target domain into a reconstruction migration subspace with low-rank constraints. In
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this subspace, RTS-MVDA, on the one hand, uses the reconstructed items to restore the original data information, and re-
tains the main discrimination information through the low-rank representation; on the other hand, RTS-MVDA implements
linear transformation to align the source domain and target domain, reducing the distribution difference between domains.
In addition, RTS-MVDA constructs multi view supervised discriminant and global structure preserving item. The former us-
es source domain label information to enhance intra class compactness and inter class separation, while the latter maintains
the global structure distribution of data in the migration subspace, so as to more effectively migrate the discriminant knowl-
edge of the source domain to the target domain. The experimental verification on the public database for emotion analysis
using physiological signals (DEAP) dataset shows that the average accuracy of the proposed RTS-MVDA method in arousal
and valence is 73.15% and 72.91%, respectively. Its precision, recall and F,-score are significantly better than the related

comparison methods, effectively improving the accuracy and generalization ability of cross-subject EEG emotion recogni-

tion.
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7. MG H R B AR %O, 0,. 0,710,

end while

)
)
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EE 2025 4F

4 SLI§
4.1 BFEEMIEEE

DEAP S0 42015 Ay 17 IR 43 26 400032 (8 T 119 24
TR A5 T 32 Al W 40 Beif K 1 min
BRI 1Y EEG 10 5% . SE50 o B v, B0 B il 35 7
WE AT, WML L (arousal ) A1 MY (valence ) 45 224>
A BEXTILIR N 25 04T 1~9 43 P PE4Y . JR 4R EEG 38 1) 32
SR HL R AR SRR 2 Ry 512 Hz. 78 5040 004k 21 By
B, B OB SRS R R AR 2 128 Ha, Bifi 5 R F A T U8
I 2% (4.0~45.0 Hz) 25 BRI o B4 300 25 W 75 T4 . 283 131
Qb3 E B 73R 60 s 1Y B, IT SRR T T3 s A3
ZRHE . ASSCN arousal Fl valence W12 B E 1715 45 MR
BT B BB 58 AR EE o3 B AT B Ak Ak
PP 5 T 5 BB IE 28 R & arousal/fF valence, fli T 5
U A IS arousal/AIG valence. 556 2R FH B — 38 LG
E SR M, B A VR S 56 BB 1 48 93 1 i A, Ay
31 AR B EEG A Rl 24 .

AR 9 s HICH & 193 3 & 1 X EEG
HEAT ) AT AR R S5 T A T AN B A5, AT A B
IR 8 280 A BUHE A . IR B R A B
KA SR FBE LA AL S ms , B I ZR 4R il B 1710
P B FH T sk 0 AR A S AR I 2 . A B R
AR AR B AT 10 0K, AORUE DI 25850
RERS 300 7 o BB AR DR IE 25 R] . e 2%, SE g i
FR I 25 4R A2 5 TR 868 /MR H AR 40 S FEAS,
RAEREA 240 1. Z A EEG F7AE K [ 4 25H5-1E . 6 Fh
IF SRR I (UG- D6 34 (8 X5 5 {8 07 2% \Hjorth Z 847 1
THEhE B st R L) Y 3 R AIE (F K TR
TEATR S KRGS T )P 3 Rl S s R A
E S ES TR PNE ST SRR
15 P 2 4% 40 -4 /K (Smooth Pseudo-Wigner-Ville , SPWV)
O3 AR SR BE SR (B 4 BEARE AN A BE2E ) AN
4 TP B2 R GURRAE CGERURS AR 0 D) Rk i 4 55
Ji ) 35 S 86 45 4 Bk Y5 1 [ Theta (4~7 Hz) . Alpha
(8~15 Hz) .Beta(16~31 Hz) fll Gamma(32~45 Hz) | (1945
fiE L8R J5 >R FH DI 263 3 g 1 rp B2 B RRAE R 19 72
EAE N S IR AE R B 55 (6,3,4,4) X 32 x 4=
(768,384,512,512). 1 T Z A0 A RHE A BUE L AN —
2, B0 RO Z A RIE S0 T R Ye AR b B

B UE RTS-MVDA J7 ¥ 1 73 RRCR L g Xy 1t T
EZ L NGBSy ek

2 RE ) 4= ML B A% J7 7% (Support Vector Machine to
Kernel, SVM2K)"**) . 3 F 37 #5 i S LAY 2 W0 A 2 > Ty
2 2 A — B A AR T 2R M RE

Z A F 5 53 B2 2 (MUIt-view Learning for Dis-
criminant Analysis, MULDA )™, zE O Z R RE AL fA , A

FHUFIYI R AR ] 1E U A 7 125 B Z2 00 2 T O ks

B AE A 523 [ 2% 2] (Robust Latent Common
Subspace Learning, RLCSL) " : 5 F/A 3 725 [l (12 7%
572 75 1 a8 S AR Rk AR i 2 R 25 ) s SR AR Y
A IERS FIARAE R R , RES K 7 2848 77 2] SRk 27 )
Gtk

A 7 38 N TE AR 2L (Domain-Invariant
Adaptive Graph regularized Label Propagation, DIAGLP)"" .l
BEAVERE ] 5 F & RS L R 7 12 117
S 7 R BRI A AR AR (RO A i s ]
155 ARSI 53473 26 57 (0 TR o G SR A A R v

Z AT FoR 7 ] B R S8 (Multiview
Integrated Projection-Transfer Representation Learning-
Fuzzy System, MIP-TRL-FS)“"; J£ T~ Takagi-Sugeno-Kang
BRI 2R GL 09 Z2 A IR 2 2] O vk il i Z2 A R 2
WORE BRSO AT RS A5 Bk

M i 5~ 2 18] 3K 5 HE 23 41 1) 3 BT (Sparse Subspace
Joint Probabilistic Discriminant Analysis, SSJPDA )"’ 5
T T S AR IR G M A SR B T XA R B A
5 U TE WS R 745 A DL C $2 e A% 27 ) B BE

BERLYN R, AR AL 27 > J7 v 3 7 A () 38 )
ARG BEAT IR, A 20 27 > 07 08 1K 2 R RHAE
B UEAT I . A SCAE{1x107°,05%107, -, 1x 10°}
N8 2R S o] B AL AL 2 BRI B AT O 1 )P 28
1E{10,20, -, 70} N8 2 745 (8] R LR, 3 A P 5
BN 2, Hol 2 B B0 i SOk b BB E: . A
*H Accuracy . Precision , Recall v F\-score (Bopa Y s
RERY A EE AR .
4.2 KBWHERSW

NS UE BT 55 VR BOAT RO , AR SCHE DEAP Syl 4
J&7R T RTS-MVDA LI EEG B4 bERE . 45 )ridAe
arousal Fl valence R34 Accuracy . Precision . Recall I
F-score Z5 N 1,38 2 i/, 32 /> #% 35L 19 arousal il
valence [ Accuracy 255 U156 3 R4 iR . FRHIR SRS
Wt RS SRR AE R AT, A SCHR HE Y RTS-MVDA
J7 A DEAPBHRAR EXSOLT A X Heor s . AR,
(D 5 Z W77 SVM2K FTMULDA # H , RTS-MVDA J5
= arousal A Accuracy 23 BIHETH T 10.01 4~ 4 0
9.41 7 43 45 svalence Y Accuracy 23| #2 7+ T 10.00
ANEIF 943N I XL RERIIMAZE AT EEG
BRI I BRI SUAIEE N, 3R] T RTS-MVDA J5 i
b PRATUSGE N 75 57 EEG 1523 2 H) A Rk ER 1L
IR A R R P A S (2) 3R Y
RTS-MVDA JiiE LT X iR 2~ Uik . 5k
175 % RLCSL Al DIAGLP # L, RTS-MVDA 57 arousal
(9734 Accuracy 20T T 5.51 1 73 i M1 4.98 1~



#0081

/0 B3 A8 BE T AR T RS 1% 18] 22 DL AR T 17 ) L 155 8 032 D5 v 2837

43 1 s valence B Accuracy 43 IR T T 5.52 0 FH 434
15224 E 43 4. . RLCSL A DIAGLP J7 80K Z Ff EEG
FRIEDHEAE— , SR s P S AR TR E B BA
RETZ 4R Z 00 EEG FRAEAYAH SCE . 42 1 ) RTS-MVDA
Ty A8 R 9 Z 00 2 ST AL T LIAT SO R R AN [ AR AR 11
HAMN—FUFE . AN, B S A > A T
AL A B TP . (3) 52T R
J5 1 MIP-TRL-FS F1 SSJPDA A Lt , #8275 2475 HAT A1 24
HALH . X PRI IEAA L, RTS-MVDA J5 ¥ arousal i
- Accuracy 43 R TE T 3.5240 1 4 s 1 2.45 0 FH 43
1 svalence fUPFY) Accuracy 70 R T T 3.50 ) E 43 5. A0
2.631H 43 a5 . SSIPDA KA [ A AR A YR RN H A 3%
i LIS 52 H B i A 52 81125 1)l o P45 MR

WA TN EEG FEABRSS . {HJ2: SSIPDA %4 75042 1
B B4 45 K £ BRI S A1 . MIP-TRL-FS il AR 2
GiAf S HE AR 2 A GO R AT
Y25, If 2 37 1 % 2% > 3R W A BT RN 5 4 2% >
PR AT EEG 4035 . SR 1T, MIP-TRL-FS A5k KL 101 %4
FVRTF 2 80 o B AR RAT , B 25 [ A e 2
B AR BCE 9 )00 JLART 25 44 . 1 RTS-MVDA J5 %
22 A BCE 4% 2 E AR ARRR  25 R R IR BOiE 1Y
FE A IME B AR LS o O B U5 SR H bR AR A
A 2 2R MR AR B X, A8 R A IR ISR B AR R 2 (8] 1) 43 A
25 . AR, RTS-MVDA J5 i HoI A B LT 45 #4 AR50
AR I, 25 3 TR SE SR RS AN HE R EEG 23 2R AL
. I, RTS-MVDA J57E EEGH G2 2 AT 30

F1 BHETEDEAPHIEEE arousal ZEERI 9> F1EBELL R AN : %
S8 SVM2K MULDA RLCSL DIAGLP MIP-TRL-FS SSJPDA RTS-MVDA
Accuracy 63.14 63.74 67.64 68.17 69.63 70.70 73.15
Precision 64.17 65.46 67.76 67.10 68.92 70.64 72.95
Recall 71.98 72.45 76.45 77.91 78.36 81.57 84.13
F\-score 67.85 68.78 71.84 72.10 73.34 75.71 78.15

T IR AR R I A5

F2 BHIETEDEAPEIEE valence EE N MR LLE AL %
24 SVM2K MULDA RLCSL DIAGLP MIP-TRL-FS SSJPDA RTS-MVDA
Accuracy 62.91 63.48 67.39 67.69 69.41 70.28 7291
Precision 63.63 63.91 66.97 67.25 68.85 70.17 71.85
Recall 71.70 72.44 76.07 76.41 79.18 80.15 85.18
F\-score 67.42 67.91 71.23 71.54 73.66 74.83 77.95

T I S AR R RS
4.3 MANELSW

ARV T Z A 24 2 X RTS-MVDA J7 1543 2K
W52 00 . 7 DEAP B 4 AT AT 1 4 PR M4
fIE s ISFBURFAE AFUBUREAE -SRI DL K B3 RGERHE
SRt N E LA 1 = 4. B 2(a) R 2(b) 53 ) R
T DEAP {4 £ arousal Fll valence 4 FF 19 #0L £ A 5 1%
Ot . H bR ek Ea (12) AT AT, RTS-MVDA J5 05 56
BB RGE, v] [ & N A S S5 A A (. X —
SE10 AT DL B H AL 2 75t AN [R) AR i XTIz A 400 7 A
AR 2SR . S RGEREEXT N AL AR 4 A
f L X R BN A R GURRAE AL 5 T 3 5 R OCHE ) EEG
FRIEAR B, 0 EEG 16 B 2 HA SR 52 0 . LM 1R
AR 2 B AR /N AR 3 B S, R B — A
AN EEG 4328 19 DT B T 348G, T B - A3 REIE g
% 23 A5 WSl AU AR AIE AE EEG 175 18843 2 Hh A X A 3%
X — 5 74> F B, RTS-MVDA J5 12 3 i 22 4~ 40 4k
B A B A 25 ), AN S Tl o A 2
S0/ ME T REIS AR IR EE 1Y P ZERRE , B A A AR
N AR AR A . XN [ S N RE AR A

ANELA A5 BRENE SN Al & > A St HE T T AR
R 26677 .
4.4 SEHRESH

UL RTS-MVDA J5 6 S S5 Ay voon Fl
) BRI | AT 3 3 1 52 oA S HOF 8 — S50
WRELEL X arousal Fl valence 4E B 5210 . £ S 508 &L
A1 x 107, - 1 x 10° ). SE8e 45 a0l 3 i . B2 14
A5 Z AR P LDA T Tr(PY (S) - 8P ) 1) V-1 28k .
M 3 (a) AT AT, 24 p<1 BF, RTS-MVDA J7 % i 2 25 HER
FERC T, 24 p>1 I, RTS-MVDA J5 1 0943 25 HEf BE G % B
PR HE I A AIG . 3T B2 R hy 22 40 £ R LD A 33 (1
KT HALI, R AR E — N ENE, & FEES T
BB AP0 . 25 B X 555 | Py - P | P42
B WE 3(h) s, RTS-MVDA X% 250 i sk B 451K
arousal Fl valence F) 432 ER BEAAE /N B N 3l , AR
T RTS-MVDA XX —Z M .y 200 Z AT
FoR—HOR| LTL - YV | TS W 3 (FTR,
RTS-MVDA (153 25 P RS B y i 3& I i $2 71, B f5




2838 BT R 2025 4F
R3 BHEERZDHIK arousal EERY Accuracy A2 AL . %
B arousal 4k FF SVM2K MULDA RLCSL DIAGLP MIP-TRL-FS SSIPDA RTS-MVDA
it 1 68.37 68.73 72.06 72.94 74.72 74.57 78.38
Bk 2 64.98 66.08 70.50 71.02 71.65 72.09 75.42
Bk 3 65.17 66.16 69.33 70.57 7275 72.97 75.93
Bk 4 57.36 57.64 61.35 61.42 63.26 64.58 67.21
Bk s 68.77 69.78 73.84 73.78 75.37 76.41 78.98
Bk 6 71.96 72.99 75.98 76.74 79.71 80.20 82.75
Bk 7 58.52 58.09 61.67 62.83 64.12 64.58 67.93
Bk 8 59.07 59.77 64.02 64.25 65.96 66.00 69.18
Bk 9 61.48 62.34 65.50 67.40 68.28 68.25 71.63
w10 56.90 57.50 61.19 62.37 63.71 64.07 67.17
Bk 11 57.95 58.87 63.77 62.88 65.19 66.21 68.76
Bk 12 58.96 60.54 65.30 65.48 66.17 66.98 69.57
k13 62.09 62.44 64.66 66.19 67.76 68.49 71.58
Bk 14 56.93 57.01 62.15 62.51 63.47 64.01 66.61
ik 15 68.43 69.01 72.64 72.52 74.74 75.55 78.59
ik 16 63.36 63.06 67.15 66.79 68.64 69.32 72.45
ik 17 61.47 62.22 67.45 67.08 68.05 68.43 71.73
ik 18 61.30 61.88 65.76 65.42 67.82 68.06 71.26
Bk 19 61.91 61.37 66.56 65.92 68.09 68.62 71.34
B 20 71.90 71.53 76.26 76.05 77.87 78.47 81.48
ik 21 58.77 59.77 63.53 62.83 64.31 65.23 68.25
Bk 22 60.58 60.77 66.12 64.59 66.78 67.52 70.30
Bk 23 70.93 71.90 75.01 75.55 77.76 78.82 81.67
Bk 24 68.41 69.82 75.02 73.32 75.93 76.36 79.32
Bk 25 64.53 63.99 69.23 69.43 70.56 71.23 73.83
Bk 26 66.30 66.92 70.12 71.88 72.69 72.92 76.26
Wik 27 63.25 63.99 67.66 68.36 69.64 69.87 73.19
Bl 28 57.13 58.22 62.21 62.60 64.58 64.86 67.70
B 29 67.55 67.60 70.17 70.71 73.61 73.50 76.67
Bk 30 71.26 71.40 73.64 76.32 77.45 77.77 80.55
Bk 31 51.21 52.28 54.82 54.53 56.52 57.51 60.35
Bk 32 56.30 57.56 61.70 61.67 63.91 64.00 66.96

e MR FR e R

o€ . M y>1 B, RTS-MVDA X arousal fl valence ) 53-2
B SRR R 2| + | 2] 10T
W24 I 3(d)FiR , RTS-MVDA 43Pk fEXT 28K
T IS AN BURR, BT S B UV [ B, HAE UL
JE B N RTS-MVDA B4R 435 4 15 Y arousal 1 valence 43
FUERMBE . p RV TEROR BRI L | 098 S50
K 3(e) AT AT Hh, 5 S50 ARl RTS-MVDA J5 75X
AR, HBUE 1 AR A A 25 1 35 52 arousal F11 valence
B3 RBOR . o 2 SR B PR R I Te(L DY LY ) (8-
280 MNEI3(HTTLIE L, 240.1<u<10H}, arousal
valence RE ik 2l Fe A E , M Y w i K8 /NiF, RTS-
MVDA J5 508 UG AR ) 70 ROR

4.5 FSYPZITHH

AR AR S B GTH30 J5 B DA AN (] 52 36 7 vk
1Y arousal PERER L2257 . MW AE 290l B T EE
A& SIS ESL S, 1 S A Friedman 1385 A [6] 5 15 1)
arousal h BB R I IEATHE T , HL AR HE 7 25 SR an 3k 5 B
N SR gE B RTS-MVDA J5 - 7E arousal £ RE 115
I IR A EREILEY . R)5 A/ Ny i 202k ] Holm
post-hoc M C& {5 K1 & A 95% ) #E4 T arousal 4E 1 Y
FF B . TR 2 EH 5 Tk ae ey
TEOLINER 6 s . R IRBCAS 30 Be , SR B p
EAI T P05 b PR B8 (5 R 0.05) B, 7T DA 268 24
B, Rk TR RE 22 7 BAA Gt o 1 . L B



%8 M i /0 53 45 ST H A IR AL T3 1] 22 A0 A A0TSR 7 1) R IR R 2839
R4 BFHEE DI valence 4 E B Accuracy EEER AT %
iR valence 4EE SVM2K MULDA RLCSL DIAGLP MIP-TRL-FS SSIPDA RTS-MVDA
ik 1 67.12 67.57 70.50 71.77 73.11 73.48 77.10
Bk 2 54.58 54.83 59.89 59.65 60.81 61.64 64.07
B3 65.11 65.43 68.44 69.12 72.02 72.74 75.24
B 4 61.66 61.52 63.93 64.96 67.22 67.94 70.73
ik 5 62.60 62.83 66.01 67.53 69.25 70.01 72.53
ik 6 67.93 68.37 72.14 71.74 74.30 74.78 77.38
ik 7 68.00 68.17 72.66 72.29 73.82 75.10 71.52
ik 8 60.23 61.63 64.53 66.47 67.30 67.90 70.88
ik 9 67.40 68.17 71.68 71.81 74.14 74.76 77.21
w10 58.57 60.18 64.05 64.61 65.73 66.83 69.25
Bk 11 59.26 58.72 63.87 63.95 64.69 65.46 68.39
Bk 12 65.88 66.57 70.00 72.08 72.56 73.33 76.34
Bk 13 64.83 64.91 68.80 69.64 71.28 71.21 7431
Bk 14 52.62 52.80 57.21 58.05 59.11 59.30 62.42
ik 15 63.21 64.07 66.59 67.34 69.46 70.85 73.35
ik 16 66.89 66.83 71.84 71.20 7275 73.62 76.36
Wik 17 67.11 67.62 71.35 72.19 73.78 74.97 77.62
ik 18 68.30 69.70 73.29 74.04 75.25 75.88 78.76
Bk 19 55.44 57.07 60.22 61.16 63.08 62.98 66.35
B 20 63.99 65.06 68.88 70.32 71.28 72.45 74.87
ik 21 61.27 62.55 67.46 67.37 68.02 69.35 71.79
Bk 22 63.39 65.16 69.37 68.83 70.75 71.06 74.34
ik 23 66.47 67.86 70.24 71.76 73.19 74.16 76.92
Bk 24 69.86 69.41 72.83 73.61 75.98 75.64 79.01
Bk 25 50.11 50.93 54.96 55.84 56.30 57.10 60.09
Bk 26 64.04 63.95 69.38 68.73 70.68 71.07 73.83
Bk 27 67.73 68.69 72.98 72.65 73.92 74.50 77.87
Bl 28 66.30 66.94 70.79 71.88 72.70 7291 75.94
B 29 61.52 62.45 67.95 67.95 68.38 69.71 72.20
Bk 30 63.89 64.66 69.18 67.78 70.49 71.47 73.88
Bk 31 60.06 59.70 63.92 64.71 65.54 66.50 69.25
Bk 32 65.00 65.25 69.61 70.37 71.17 72.10 74.98

T AL TR I

Accuracy/%

viewl

view2
Views

view3

(a) arousal 4

30.38

view4

Accuracy/%

NN W W
S W O W

view1

2 RTS-MVDA F LR fARE

view2 view3

Views

(b) valence 4

30.96

view4
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“
¥R 2025 4
74 75 75
< —&—arousal —b—arousal =4 arousal
2 —e—valence 4 —e—valence —e—valence d
g 8 270
E g 72 8
3 3 8
< 654
64t < °
60 70 . . 60 . )
10° 10 107! ! o' 107 10} 1073 10 107! ' 10?2 108 107 107 107" 1 10" 10 10
Y A )
(a) ZHB (b) ZHU (c) B4y
75 75 75
—4—arousal —&—arousal —4—arousal
—e—valence 74 —e—valence

74+

<
N

—e—valence

Accuracy/%
~
AN
Accuracy/%
I§]

-
=]

-
5]
N
2

-
S}

Accuracy/%

70

102 107! 1 10 10 10°

(N ZHu

3 RTS-MVDA J5 ik S B uset: 4

FH], RTS-MVDA J5 75 A& T HAB XS by e By ik ) 1
it K (p<0.05) , X — &5 M Ge 410 1 E 7
S BIE T RTS-MVDA J7 35 4E DEAP %44} 4 arousal 4 &
SRy

F£S5  Friedman MIXAHEF &R

Jrik Ranking
SVM2K 6.8125
MULDA 6.187 5
RLCSL 4703 1
DIAGLP 4.296 9
MIP-TRL-FS 2.906 2
SSIPDA 2.093 8
RTS-MVDA 1.000 0
*6 BEMHEH0.058 Holm post-hoc iz
i ViRiS z P Holm i
6 SVM2K 10.762 659 0 0.008 333 | #HEHE4
5 MULDA 9.605 384 0 0.010 000 | #iE4s
4 RLCSL 6.856 855 0 0.012 500 | Wi«
3 DIAGLP 6.104 626 0 0.016 667 | b4
2 | MIP-TRL-FS | 3.529689 | 0.000416 | 0.025000 | #IE4s
1 SSJPDA 2.025231 | 0.042 844 | 0.050 000 | BfH4s
5 %it

1 BRI A58, EEG 155 o0 Sz e A 15 Bk
A0 SRR, R AE A B A DA SR 22 S T
P& THH RS B 8 Y R R RS . AN SCHR Y RTS-MVDA
75 W 3E 1 b Ay 22 WA 2 ) R4 B I SR W, M gl T

VRS T 25 0] . fE%F 25 [, RTS-MVDA MR AR
FT A A EE R R A B R Y E M A 3
LM A R A R A ROR  SEBL T RS H AR
Z B AT RS AN 404 X 55 . EAh , RTS-MVDA i 1 44
A 22 0 A W 1) 531 ke ) R v W £ B AR T
JeMERE . SCYRZE R X T TETE DEAP B 4 I HAs
THRAF R 4T PR RE , BB AS BN P B A T A
R eI IR SS . T —BrBe, A SCIAE & 25t i)
EEG 15 B 5 h b A7 0, IR R R 5 HAb 1 Js R
B A G LA 9T FLAE 2R3 50 mil A i 9 g
W1 AN, Wy gk — 204k RTS-MVDA J7 85 i Il 2k Fl
FBEOR MR 5 ST i — ANy 1A

S% 30k

(1] $Buisk, X155, F44R), 5 . 3EF el TCNN 5% 1 ik e 3
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