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Emotional EEG Recognition Using Spatial Connectivity Features and Residual Con-
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Abstract: As an objective and direct source of information, electroencephalogram (EEG) is widely used in
the task of emotion recognition. In order to extract the information implicit in the spatial connectivity
features of EEG signals, this paper proposes an emotion recognition method based on the spatial
connectivity features and residual convolutional neural network (SCF-RCNN) model. In this method,
Pearson correlation coefficient (PCC), phase-locked value (PLV) and mutual information (MI) are
extracted from the preprocessed EEG signals as spatial connectivity features, and a convolutional neural
network model containing two residual modules is used to extract emotional information. Experimental
results on the SEED dataset show that the connection matrix constructed by PLV is more closely related to

EEG emotion, with an average accuracy of 93.38% and a standard deviation of 3.35%. Compared with
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traditional algorithms, SCF-RCNN performs better in classification tasks in the field of emotion
recognition, showing its important application potential in the field of emotion recognition.

Key words: electroencephalogram (EEG); emotion recognition; residual neural network (ResNet);
connectivity feature; phase-locked value (PLV)

51

il

15 2% 2 AT 2R3 B0 T LA 0 O BIR S B R ER A S A 45 R B AT LU B T A%
AR, PTG T WIS AR O RS A B TS B R AN A A RO B 1 N R o A 2 TR A T
PLFs AHLEE 505 2, 0 an , 45 Bl o+ S AL b 4% B G b 34 Ao R e o PP A 1 R RS SR SR AR M AL AR
AR 1R 55 o

1 G4 25 L) T BRI AT R SEE A [ FR A4 L 3 8 5 1 A7 A 1o AR T S L B el
M 3% - i B {5 5 (Electroencephalogram,, EEG) 1% 25 5 I 42 43t T — Fp 5 i & A B 82 (0 7 . EEG
B T R 22 0 AR Ak BE S B AIE T o A RN S BB R TE 2515 B . AR IR B A s 45 R B
W A7 AE— LE Bk R« 1 S R A R 25 S R i 52 4 M (0 155 4 U0 AR 15 52 4%, TRDARE 19 1 4 A6 AN [R] K i 1T fig
FE B A TR B A R R UK, AR HL 4 5 (Electrooculography, EOG) | JLHL % % (Electromyogra-
phy, EMG) BT MR A5 5 B 09 M 5 2 25 17 2 U500 00 o 1 Py Sl sz o {EL R TR B 2 ) 1) T T
JE LT EEG B4Rk T B g pLis

EEG 1% 25 1R B Y (19 s ATE 20T 43 Ry 4208 . N T8I SR Ak R G 5% 28 3 T Ak B 19 15 5 L dm S
J B VR G A 0 LA AR AE Y L R 2 BT Y R B N TR A A B R A A S R T A A B ) R %
(Power spectral density, PSD) . f# 43 ( Differential entropy, DE) Fl A X} FK 22 ( Differential asymmetry,
DASM) 4 . X SEREAE O 645 25 U 4 45 20 73z B OF HGS TR D WF g8 sl o SR, 3 2 R AE
Bl = % i FL A 523 T RN D RE A A R . K& — AR LA T b T LR AR 2 — A4 1B 26 1 R ik 2
IR A [) DX 5 =22 1) B VE B 45 5800 B L, A 2 R L e AN [i) R R X e 2 ] A 3 S ok A BT . 3 S R
TIE 2 DTk R M 5 2l 8 P B 98 A [R) R i X 2 (R A B G R o 3 T PR RR AR AL T 58 G B AF
FEAEAS R B A, #7R T A K D B 915 B o 3% 38 ¢ AF 4 96 J2 K 30 #H ¢ 2 4 (Pearson correlation co-
efficient, PCC) , H.1F B (Mutual information, MI) F1 i # {& ( Phase-locked value, PLV) %, H:# PCC H
T A7 e P A AR S A S A AR R ML A e A B AT AR i 2 R 0 A G PLV i a5 A5 5 22 18] 9 AR A7
[ 20 FE R, % 0 T 00 T EEG SUHA A= W75 = b A AR 7] 20 B4

AR, B T AR5 T EEG ¥ AR E BB 5T . Wang &8 O3 1 T — F BE % 52 1N 1% 25 4R 28 9 5 4F
RlA 7 o e iE b R EEG 19 2 ROEEHES i (Multiscale permutation entropy, MPE) il PCC 44
3 RN Ty R I 4%, 1) PageRank 5375 % I D) B8 9 26 v 347 5 i 2B A7 HE Y, 0 26 1 28 18U v i) o 22
HIE K5 K A5 W I AL E 5 MPE #E47 AL 4, 74 ) MC-WMPE $§4iE, Jf- 7€ DEAP fil SEED %4 4
A5 3 T B ; Moon 257 3] A ¥ LA £ W £ (Convolutional neural network, CNN) XJ i Hi, {5 5 #4743
2%, I8 o 3 AP AS [R] 28 Y ) i 38 M 4H B (PCC  PLV M# B i ( Transfer entropy, TE) ) 38 3iF H 7 5L
P ; Akhand 25 48 H—F 8 FH %8 3 MI( Partial MI, PMI) % 38 3 % 38 FRF (&, il 20 5] A %5 = 4 EEG i i
KARE Z /915 8, IF 2L 2D A1 3D JE A e i 3 ], CNIN O 026 7 DEAP Bis 45 B 20 A
T 1) - 27 VA0 R 40 0 K 91.71 % A1 91.79% s Li%E Y EEG Hf £ MU 1] | 23 ] 1 2 R 10F L 15 3] 1175 28 )
PR R M DC ] B MR R & B L IP HE N E B RE SR A N
(Spatial-temporal-connective features via multi-scale CNN, STC-CNN) & %I £ 7715 25 1 51 .

A SCHRE T L T A R T PR R AE RN 8% 22 8 BURE 4 ) 4% (Spatial-connective features and residual
CNN, SCF-RCNN) A5 45 U0 7 ik o 1 Je A% 10-20 [ B b o S 36 3R 48 18 2 32 1 F LB , R FH 3 i



1048 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 4, 2025

T8 AR T AR A M R T G Y 3 A R, LA A O YT S RO AU, # i T 4R AR 4B 5 (Connectivity
feature matrix, CEM ) ; 8% & , ¥4 Gl 5% 25 35 B 28 [0 28 A 700 3 ol 55 )23 3 4 ) O X, 0 00 o R ) TR0 485 45 44y
I B 25 ST AR RN s e i, 76 SEED £edls 48 L ik 47 % L 5256, B ik i 7 vk B9 A 3

1 BESHZE

1.1 HIEE

A SCAH B EEG S48 48 2 b 1 588 K% BOMI SE 5 % & A 19 A $h 809 42 SEED!Y . - B 4F i
23 %8 WA E (FE 7 4 BEM 8 AL tE) S T 8 RAE IR . ARG 10-20 B Prbn e SR 58, H
ESIHZHM ARG LL 1 000 Hz B9 R AR R M 624 Al 18 B . BAZREHMWE T 15 L8k
FERBRIC R BB F BE . R A 3 AR IE 25 28 AL BUML | P vk R A, B8 R R BT M 185~265 s A
Fo MAZRE AT IWLYE, HEMWRLE Z M2 &G — HRER . SEED #4lE St T
A5 4SBT 675 Ui B (A1 26 20 40 1) 225 YR B8 ) B o

#£ SEED $2 B 62 4™ g H o b £ v, o0 T P B g is 2 1 52 24k L 235 SOk 1 o BB T 32
A A B R AE H2 30, Tk g r A AN P 1 s .l SEED 08 5 R AL 675 WO 58 i I 2R IR
2 3 B R A 22 B R DR A SOl — A 3 s A T B A I 1) R A U 56 B R 4 60 B, I 4458
) 40 500 415 RS2 ), A 23R8 F WS BCSE ) g 2 7004, R T S B BFSE L ER, A SCR 89 SEED 52
0 00 2 28 A TOUAL B o T Ak 3R RS T G M PR BSCHE T SR A 3 200 Ha, 08 FH 0~75 Hz 4 38 I8k # Dh &
I Mg 75 0 Eh 5

FP1 FpP2 FP1 AF3 F7 F3 5 CczZ
AF3|  |AF4 FP1
77 r3 rz T4 s | A5 RE TR WA«W«»-M i
i F7 MASA A A A ] ’
res| |rel rc2|  |Fce D S et T=3 s, Channel=32 ;
W = MRS I ) o
7 3 cz c4 i FCs
MAA A~~~ ] : N= ~ 2 sy B3
CPs cpl cp2 CP6 Tj 1 | CG )= {PCC\PL VMG, J))
s T ;
7 3 rz P4 P8 cz 7
PO PO <2
3 4
ol |oz |02
326 55 TEE A

K1 EEG{5F5 R4 FERE

Fig.1 EEG signal acquisition and feature extraction
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