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EEG Emotion Recognition Based on Multiple Directed Weighted Graph and Convolutional
Neural Network

LUO Ruiqi. YAN Jinlin, HU Xinrong and DING Lei

School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, China

Abstract In recent years,research on EEG signals applied to emotion recognition has received extensive attention,and mapping
time series into visibility graph representation can effectively perform EEG emotion recognition through the metric of edges and
nodes of the visibility graph. Traditional visibility graph algorithms ignore the correlation between multi-channel EEG signals,and
it is difficult to retain the complex feature information on the time series. Therefore, this paper proposes a method to extract EEG
signal features from multiple directed weighted visibility graphs and use EEG signal features for emotion recognition. Firstly, the
EEG signal is converted into a directed weighted network graph to enhance the feature representation of the signal, the complex
network structure is characterized using weighted clustering coefficients,the EEG connection matrix is established with multiple
complex networks,and finally the convolutional neural network is used for feature learning,and the emotion recognition results
are obtained through learning. The complex network model constructed by multiple directed weighted visibility maps achieves
93. 85% accuracy in public dataset validation, which is better than the existing traditional visibility graph methods,and the multi-
ple weighted visibility graph improves the emotion recognition accuracy by 9. 4% compared with univariate visibility graph. Ex-
perimental results show that the method is also applicable to cross subject data and has good robustness.

Keywords Emotion recognition. EEG signal, Multiple visible graph,Convolutional neural network,Clustering coefficient
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G FAE Pk, SEERas RNk 1 A,

1 A4 FORE Y5> 2288500 MDW VG 72 i) i 17 /&

WU E B ROR

Table 1  Use four different classifiers to verify the effect of MDWVG
on EEG emotion recognition
KB I I 5K W MR WEG %)/ STD %3 (/ %)/ STD
SVM LOSO ACC 85.46/6.12 77.65/9.36
OF-KNN LOSO ACC 91.16/3.15 86.01/5.15
DT LOSO ACC 89.46/5. 05 87.65/3.21
CNN LOSO ACC 95.31/1.32 93.85/2.06

Ykt FE AN 6 R . OF-KNN 745 99 W% A0 ik ) 5
R HER R 91, 16 %0, Hok B AR v B 5 AR Bk dnc JE L (BB 5
BT A RIS, 7E 200 AU HER SRR E 85, 7500 SVM
G3 RS AE Y GRad 2 b 19 I ) — E RS R E W kb, B v
W R TE 85. 46 %0 s DT 43 28 dn ME# R 48 T i PR b P32
I AR RN 2 89. 46 %6 H BLAE S 138 Wk AR i, B )5 Hh L itk 5
1575 0 5 A R A A e RS R RO i LA RS T
F% . CNN FEFT 100 £ Ay 2% 2J vl o 38 42 0k sl AR f e R, 2
JG— BT R E MG 7RSS 186 Wik AU Ik B fw 1 1
B4 95.31% . CNN AR P [F) A (4 30 7E 25 a3 9 I TR 4
P b ORFET 93,85 20 HMERR R, ZRE 4 Bl 4y 28 4%, CNN (1R
SRR B, SVM I IR B ROCR i 22, A SCH 3 i MDWVG 5
B85 A CNN AJ LLRA S 48 14 i e 155 R 5 45
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Fig. 6 Accuracy change curve of SVM,OF-KNN,DT and CNN

during training

4.3 IFHbEIE

ST U B S vk 7 R G 1 R b T
R Z AT S s SRR 2 o, Li FHET 9
R PEAD 9 MR VE M EEG 5 54 E . X 18 PR fiE Fom 5
F 2 h HARFAE R R P AN E A i 8 8 0y U I
AR AE AN Bl ) R GEARAE  FE S AR e R LT SR I A
BLHEAT IR 8% 4 25, 3815 T 83. 33 % MR BIZUR . Lu 468 A 6
EEG W ]7 5 1% sh 2505 . [84E RL F o 8 68 01 09 7 2047 il
HL A 5 1004k 2L Bl 25 M 32 A AR s R A b 5 R R 6 Y
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B AT {0 S A 1) s HLEAT 402 45 B 85. 11 26 1 U3 e
B Yucel % A5 52 i 20 098 & A3 — 4L 2 )5 . 36 F CNN
B InceptionResnetV2 #8844 5] BRI 1% 5 AR AE 1R &, . 13
| 86. 56 %6 MR AL A 5 Yao 55 K ki i B 8] 5 51 % 4 i &2
22 /A &% fifi F 95 25 B 45 (Node Degree Entropy, NDE) il 8 2%
Z U (Clustering Coefficient Entropy. CCE) i ik & 4% [ 4%
FRRAE {82 A R A 2800 FH i F A 5 76 B TR b 9 07 1] OG22
W T 223 3 15 5 B YRR AR I R, 45 B 87. 26 %6 A 1R I o A 3
Xiang % A WLE T A 3l 4 15 4% . 52 B 3R 22 2 HLAS RS 43 A
Bl A% 2% 3 Fh 77 % L AR S R R RS AR ), A 3l g 7 X

To s Tl ARSI, 7648 43 A B g5 45 1 LSTM (4 & F 3k
37 84.29 % W S AR FUN B Fu 58 A B B & 1k 56 /T J
Ii) % 5 A0 3245 1) B HLAH 45 & 19 7 15 ST-SBSSVML 42U T 10
Fift £k AR et EEG FRAE 2L 080 2 45 4iF L 15 3] 89. 50 /Y
PR HET 2 s Tong S545 15 5 I8 09 B 23 {7 2 B ARAE 22 ) B 5 5]
Gt — M B 2 AR R STRNIN Ho , SR AF 7 41 (1) B ) 4% #6114
AE A3 2 89. 50 V6 MR I ¢ 5 Song 5538 A8 B AR 5 R Z 8] 1Y
QI R AL T A ) 3 R A0 T R CNIN A 2 ) 2 [
T 2% (Dynamic Graph Convolution Network, DGCNND #
7220, 455 90. 40 %0 RN HERG K

2 K T7 I BRI RCR B H

Table 2 Comparison of EEG emotion recognition effects

7k REAE & R HAE KA I B KB EHE/ Y

Li & [20] ApEn % BF AR B F 3 A R G AE EEG 62 SVM 83.33
Lu 2020 DySampEns ] EEG 62 SVM 85.11
Yucel %22 InceptionResnet V2 EEG 62 CNN 86.56
Yao 4123 CCE&NDE AR % EEG 62 SVM 87.26
Xiang 224 Auto-encoder — EEG 32 LSTM 84. 29
Fu 129 ST-SBSSVM EEL.L EEG 62 SVM 89. 00
Tong % [26] STRNN — EEG . #t 62 RNN 89. 50
Song %27 DGCNN A 1 EEG 62 CNN 90. 40
Our MWDVG B W % EEG 62 CNN 93.85

B A M AR R A 56 1 i R A e, — S X
B FE A5 5 A HE TR A T, A 38 AT 38 LA B 2 ) ds b 4R
7 B S 0 4 AE A5 8., T AR 5 B4 48 I T AR 202202027 o 2 A
05 W RAFAFAEAT B AT T I FH a5 59 — Ay T2 7R 4R 1F
PR B R _E Ak o S R B IR I R R A T
PEL2 20 J0 T B0 8 T sl R AE 6 R, B 33 70 VR JIE o 428 I 4% i 42 B
FRAE o B 3 1) 24 S W OR SR TFHEB L T (55 b AR
WA 2B M el AR SRR A T A DG A B Y AR R R O X
S5 VR B M 20 I 45 R 1 R ORI 45 . AR S
I FE, 5 27 3 ek A T 0 P 4 U A I 4% R A TR A LR
B — D0 A 50 P ) o B o 42 ) 445 A5 280 B T A it 3 1 A
2% W 2 TR R AE 2 S AR THIE O AR
4.4 HEhIIG

AATHE MDWVG [ 4T 500 3y 8 ) 0 B3k, 1wl ox
Lb B B A 2 50 E P A P2 B RO | B2 2% TR 4% e v R L 3
PEAR M TERBRAE MR 2R E WSR2 e DL
7] U, B (Single Visibility Graph, SVG) #47 %t [t , If H % 5
T TR 53 0 28 45 Tk L % EU A R R R A 4 SR A
TEA . BINMALTE 2 J5 I8 Bl B 2 JIn AT AT U & (Single Weighted
Visibility Graph, SWVG) , % i J5 Ia] 1t 2 J5 & B 50 2 4 [n) 7]
UL (Single Directed Visibility Graph,SDVG) , UL K Rl 6 A6 5
S i AL AT L & (Single Directed Weighted Visibility
Graph,SDWVG), 20 WEDIFEAE AR L R G4 £
T UL EURRAE o B K T UL L S AR AT IR T AN A
IO R A R X b R 22 A e R 4% DL TRLRE 9 O X
BB BN A, W £ AT WL (Multiple Visibility Graph,
MVG)., £ = Jn 4L 7T W K& ( Multiple Weighted Visibility
Graph, MWVG) £ T A [ 1] UL & (Multiple Directed Visibili-
ty Graph, MDVG) Dk & MDWVG,

X B 4 DNPER 8 bR HERT R (Accuracy, Ace) K B
(Precision, Pre) . 88 B (Sensitivity, Sen) . 4 5 1 ( Specifici-
ty,Spe) ,

(1) HEf 02 2 8050 AR 556 T RN 75 1 T H B 2 40
FEHE B MR A B o B AR R I S L. HERRAERE
AR G370 AR 34 5] (9 AR S Be AR B 43 AR
_TP+TN

total

(2) A B B2 3R 7 19 2 TE AR A 100 TF 4 19 250 A T 149 1
FEA BT (5 (9 LA, 2 LU R L R o 2R R ER

Pre:% * 100 % 7

(3) FURR B 2 S TR T A IE RS, T 53 190000 IE 6 1) 1A AR 7
JT A IEAREAS i E ), 2 B )RR R L R I A RO R e
HUREA 55— B R (recalD) ,

TP
TP+FN

(4 S W i S T P A SRR ZAS o T 0000 T 8 119 97 A 2
WTEFTA O T A, R LS SR E — A R 2k

Acc *100% (6)

Sen *100% (8)

e TR
__ TN 0
SpefTNjLFP *100% (9

IR TP 27 8 IE AR A BT A TE R A B Bk
TN 7R 8 GURE A TR Sy T RE A BB, FP 3R GURe A 1l
T EREAS B Bl FIN RO 8 IE AR AR T30 S 60 AR B et
total FRRIAFEAR R S . TN L BRI 3 5.

3 Al DL Ty RE I Rl AR 1Y LR

Table 3 Comparison of effects of functional ablation of visibility graph
AT )
Ace Pre Sen Spe
Mean STD Mean STD Mean STD Mean  STD

SVG 65.12  5.89 59.45 11.25 60.85 6.25 74.21 6.48
SWVG 82.58 9.25 73.16 2.08 80.72 14.21 82.44 13.85
SDVG 80.64 3.32 82.51 10.68 80.24 16.24 81.59 8.14

SDWVG  84.45 6.49 70.48 0.95 89.83 1.44 90.21 2.41

MVG 74.91 7.47 78.21 1.26 76.45 6.11 79.15 9.81

MWVG  85.52 16.49 84.24 6.59 82.35 2.46 83.45 10.45
MDVG 84.16 6.48 86.14 2.11 81.78 9.56 85.49 8.08
MDWVG 93.85 2.76 92.57 9.18 90.25 2.46 91.39 6.59
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Fig.7 Ablation experiment comparison
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