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Abstract: Aiming at the problem that the topology structure of EEG channels cannot be effectively used to learn more
discriminative EEG features, this paper proposes the dynamic graph convolutional joint memory network ( Dynamic Graph
Convolutional Joint Long Short Term Memory Network, DGCIMN ) based on the long and short term memory network and the
graph convolutional neural network. First, the EEG channel is taken as the node of the graph, and the differential entropy is taken as
the node feature, and the optimal EEG channel topology is learned by dynamic parameters to construct the feature graph. After that,
the features of the graph domain are extracted by the convolutional neural network, and further extracted by combining the long short
—term memory network and pooling. Finally, the features extracted by Graph Convolutional Network, Long Short—term Memory
network and pooling were fused for emotion classification. The proposed method achieved an average accuracy of 95. 93% for
positive, neutral and negative emotions in SEED dataset; accuracy, recall and F'1 scores were 96. 11%, 95.93% and 0. 96; Kappa
coefficient was 0. 939; confusion matrix indicated that the model achieved a good classification effect for the three emotions.
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Fig. 1 Acquisition process of EEG
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Fig. 3 International 10—20 standard system electrode distribution

diagram ( dark color indicates the electrode used in the

experiment )

RGBS Z 242 B s 58 1 | AR 4 — 4
AT ERIEF EE 24 77 S 4548 1 M IRIE BR AR 2
W2 kA 25 R e 4 FTR

B4 4$FEE
Fig. 4 Characteristic map
ZHZ WEH AR

dLoss
0Z

Horfr | Loss 28 SURHIR BRE,p R2e 2 %
2.2 #itA—4

#tIH—14k ( Batch Normalization, BN) , A LL%f—
ORI T — AL ERAE TR S R R 8 3
IAE 28 BRI Z . ASSORE e R 7 A
W28 Z i AT — R 0 — Ak, IR TE 2 o A — 4k
HOH—ALJZE SV — AR AT 4 2 o AR 1 70 A
FHXRGRE , bR o 288 RS S5 32 5 — 5 T ] T S8
AR /NS T B 2 9 285 J22 5T IR AP O 11 [t {3 75
RREHY AR E 5 75— J7 ThI 0T oK SR i A KR8 T LA
PRI FE AR 0 DX 0 08 J2 (90 245 1) 4f J82 7 2K )

Z=(1-p)Z+p

(2)



206 oo ®m M5 M OH

ERRES

A — & R, R, AS R g3 /N (Batch _
size ) BLHH K TSR YIE 5 25, W& 48 TE
2] RPN T AL S RS T IENARRIER
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Fig. 5 LSTM network structure
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Mini_batch
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Feature graph
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Fig. 6 DGCJMN model

PR A ( Decision Tree, DT) . K T 4F ( K — Nearest
Neighbor, KNN) Fil 57 ¥ 1] 4 #L ( Support Vector
Machine, SVM) 732575 45 7E SEED $4i5 4 b #E17%F

R1 RESYH
Table 1 Model parameter

B5 PRSI FEAMHT . GCIMIN SR FH A7 38 W] 90 i 9 1 /% b A 56 2R
BatchNorm1d num_feature =925 B R A B B 5 DGCIMN — 2, it 428
ChebConv in_channel =925 , out_channel =256, K = 3 YER AN Kappa 2B TITAG , 4550 W2 2.
BatchNorm2d num_features =1
LSTM inpul_size =256, hidden_size= 128, num_layers=2, R2 RRFENDRERES Kappa £H

. Table 2 Classification accuracy and Kappa coefficient of different
batch_first =True

algorithms
Pooling kernel_size=2, stride=2 -
Bk WEHG 2/ % Kappa 2%}
FC1 Flatten ( function )
Decision Tree 58.52 0.377
concatenate cat( function )
KNN 69. 63 0. 544
FC2 Linear ( function )
SVM 82.22 0.733
[oal GCJMN 92.59 0. 889
3 ZRHEREHN !
DGCJMN 95.19 0.928

3.1 S5HEgE*xE
¥ DGCIMN , GCJMN ( Graph Convolutional Joint IR SRR S5 W AR SO B AT T 4 028
Long Short Term Memory Network, GCJMN) 5f&4:f 13 2HEH 2N 58. 52% , Kappa R E(H 0. 377; KNN
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Il GCJMN 5 DGCJMN JCig & #E 1 2R i J& Kappa &
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EI 4 19 8 300, LR /N R 64 Y S1FE T, 0 50 100 150 200 250 300
N JEl
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0.8
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0.6
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g 70 204
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(a) TR Fig. 7 Comparison of evaluation index
F & 7 AT, DGCIMN J7 iR AE NG K% 4
3R F1 50 80L& Kappa BN F8 45 0L F
0 GCIMN., #ET 27 [ , DGCIMN g 95. 18% , GCJMN
% N 92. 59% ; A% i R J5 1T, BT E N 95. 23%, J5 H M
570 92.63%; A 7l 2 J7 1, B & K 95. 19%, J5 & N
= 60 92.59% ; F1 405 T, B 0 0. 952, )54 4 0.926;
50 Kappa RECJ7 1A, T4 M 0.928, J5# 4 0. 889,
o o 3.3 DGCJMN FES#
. S8 T W T 4 4 4 3 3T 5 0
0 010 %5% 200250300 W, FEEGHIE RN 27 2 RRE 17 A =35 617
(b) HiHi % PCEH RN 16,32 .64 F1 128, A (Epoch)
h 80,120 A1 160, Horh, — AR BESR BT 8%
R AT, SEHRSE L 3,
90 Fz3 #tK/FEEXTERERNRID
< Table 3 Effect of batch size and time on accuracy
£ % HA
= it il
70 16 32 64 128
DGCIMN 80 93.33% 94. 44% 94.81% 94. 44%
60 GCIMN 120 93.70% 95.93% 95. 19% 94.81%
“© 160 94.07% 94. 449 95.19% 95.18%
0 s 0 0 w0 20 300 U IR A TR I 45 B 2 A/
o nims 32, I I 120 il 2% 47T, A SCR

AIDLAE RN Adam EALAS , WG~ > 5BEE N 0. 01,
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Fig. 8 Curve of model’s loss function
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Table 4 Comparison of GNN models

SCibik Jrid HER2/ %
3CHk[ 2] DGCN 90. 40
k[ 22] DGCN+BLS 93. 66
SCHk[4] GCB+net 92.30
SCHK[ 4] GCB-net+BLS 94.24
SCiHk[ 23] LR-GCN 94.72

A3 DGCJMN 95.93
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