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EEG Emotion Recognition Based on Spatiotemporal Self-Adaptive Graph Convolutional
Neural Network

GAO Yue,FU Xiang-ling, OUYANG Tian-xiong, CHEN Song-ling and YAN Chen-wei
School of Computer Science (National Pilot Software Engineering School) , Beijing University of Posts and Telecommunications, Beijing 100876,
China

Key Laboratory of Trustworthy Distributed Computing and Service (BUPT) , Ministry of Education,Beijing 100876, China

Abstract With the rapid development of human-computer interaction in computer aided field, EEG has become the main means of
emotion recognition. Meanwhile, graph network has attracted wide attention due to its excellent ability to represent topological
data. To further improve the representation performance of graph network on multi-channel EEG signals,in this paper,conside-
ring the sparsity and infrequency of EEG signals,a self-adaptive brain graph convolutional network with spatiotemporal attention
(SABGCN-ST) is proposed. The method solves the sparsity of emotion via the spatiotemporal attention mechanism and explores
the functional connections between different electrode channels via the self-adaptive brain network topological adjacent matrix. Fi-
nally.the feature learning of graph structure is operated via graph convolution,and the emotion is predicted. Extensive experi-
ments conduct on two benchmark datasets DEAP and SEED prove that SABGCN-ST has a significant advantage in accuracy com-
pared with baseline models,and the average accuracy of SABGCN-ST reaches 84. 91%.

Keywords Electroencephalogram, Emotion recognition, Graph convolutional neural network, Spatio-temporal attention mecha-

nism, Self-adaptive adjacent matrix, Deep learning
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4.3 HEHWH 55 25 RO MERR SRR AR 25 . v B Y o o A S ME T SR 1Y
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Table 2 Emotion recognition results of each method on SEED

Subject RF SVM DBN  R2G-STNN DGCNN SABGCN-ST

1 0.6642 0.7399 0.7537 0.7908 0.8772 0.8978
2 0.5708 0.5994 0.7441 0.7064 0.8750 0.8904
3 0.6983 0.7413 0.8125 0.8466 0.8955 0.9279
4 0.7279 0.7022 0.7096 0.7086 0.7824 0.8118
5 0.7554 0.6939 0.7745 0.7167 0.7647 0.7448
6 0.7563 0.6959 0.7110 0.9025 0.8941 0.8235
7 0.6189 0.6538 0.7289 0.8409 0.8167 0.8345
8 0.7397 0.7620 0.7652 0.8221 0.8404 0.9596
9 0.7304 0.7499 0.9047 0.7446 0.8830 0.9264
10 0.5902 0.6495 0.5784 0.7100 0.8191 0.7698
11 0.7461 0.7772 0.8801 0.7483 0.8890 0.7402
12 0.8088 0.8451 0.7458 0.8608 0.8525 0.8688
13 0.7865 0.7824 0.8007 0.7892 0.9169 0.8061
14 0.6681 0.7186 0.7360 0.7088 0.6485 0.8588
15 0.8150 0.8202 0.7596 0.9843 0.9772 0.9872
Mean 0.7118 0.7288 0.7603 0.7920 0.8488 0.8565
std 0.0743 0.0658 0.0756 0.0837 0.0767 0.0749
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Table 3 Emotion recognition results of valence of each method

on DEAP

Subject RF SVM DBN  R2G-STNN DGCNN SABGCN-ST

1 0.5980 0.6316 0.7743 0.7920 0.8360 0.8284
2 0.6908 0.5755 0.7956 0.7595 0.8639 0.7543
3 0.6856 0.5717 0.6750 0.7789 0.8105 0.8085
4 0.7350 0.7494 0.8375 0.8306 0.8122 0.9289
5 0.6580 0.6940 0.7745 0.7007 0.8505 0.7188
6 0.5866 0.5746 0.6868 0.8161 0.7282 0.8231
7 0.6189 0.6881 0.7757 0.8135 0.8537 0.8321
8 0.6300 0.6315 0.7652 0.7832 0.8384 0.8567
9 0.6000 0.6225 0.7047 0.7528 0.7837 0.8167
10 0.5902 0.5703 0.5784 0.7410 0.7507 0.8096
Mean  0.6393 0.6309 0.7368 0.7768 0.8128 0.8177
std 0.0487 0.0622 0.0743 0.0395 0.0453 0.0558
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Table 4 Emotion recognition results of arousal of each method

on DEAP

Subject RF SVM DBN  R2G-STNN DGCNN SABGCN-ST

1 0.5670 0.6043 0.8212 0.8451 0.7262 0.8733
2 0.7808 0.8021 0.7956 0.7195 0.8731 0.7395
3 0.6226 0.5470 0.8500 0.6730 0.7495 0.6828
4 0.6350 0.4865 0.8375 0.7631 0.6707 0.8823
5 0.5080 0.5802 0.7045 0.8312 0.7570 0.8322
6 0.7866 0.8235 0.8305 0.9090 0.8748 0.9298
7 0.8125 0.8466 0.7757 0.7547 0.9304 0.7781
8 0.6300 0.6749 0.7645 0.7959 0.7556 0.8619
9 0.7050 0.7719 0.7700 0.8435 0.8346 0.8600
10 0.5902 0.8281 0.6548 0.6956 0.8846 0.7554
Mean 0.6638 0.6965 0.7804 0.7831 0.8057 0.8195
std 0.1029 0.1341 0.0619 0.0752 0.0847 0.0771
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Fig. 2 Schematic diagram of confusion matrix for different

emotion prediction results of SABGCN-ST
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network

4.4.2 HAHEE

AN, AT HE— 2 07 T SABGCN-ST #5 #1 fiy 48 2 $ iy
TP X A A8 5 226 1) 15 28 R0 M RE S ), LR AR B BT
SCREE T MEBRZH S RZHX K, MLER SEED
RO AT IR SR, B 4B S Al T &S EOR T
BB T 3 4> session [ 33 31 5 1 AR (15 B .

—— sessionl  -#- session2 - sessiond
10000

09500
09000
08500
08000

07500

0.700 0

T=1 T=3 T=5 T=9 T=15

B4 AR T B X5 R R 4 0 52 1)

Fig. 4 Effect of different T on model recognition rate

— session]l  -#- session2 —«- session3

e ‘\.\./‘—.
0.950 0

09000 |
08500
08000

07500

07000

K=2 K=3 K=4 K=5 K=6

B 5 ASIR] K HUE oA R R 5 2 (% )
Fig. 5 Effect of different K on model recognition rate

T W BUE SRR AR 1y 1R SCK B AR AR A v 3 25 5
At 28 i TR SR TR SRR T 8 10 P I 28 1 8 35 Y
FB . N 4 R B R SCK R R A R - T
TR R i R B, — . X AT RESE R T REE T Y
IR A REA D, 24 T S 15 BF, BL 1 min A 5230 K
J B AEA D T 23, 33% . S — 7 I BEAS B D L
TIF 24k JiE 18I0 5 A5 B0 1) 2 508 o 3k S B0t BB 2 LA B
SRR, SO EEN 5 R R IS kL2
W K E 2R B ER)ZM S5, KX S
I 2230 2 30T BN 25 SR Ak At ) ot A AR ) 5 5 A S A K TR AR
WAl BE RS A A, & 5 MSE R AR R Tk A R,
MK W3 A IE B AR RCR . Y KPR R, o R
TR,

GETRIE R SCHE N i HL AR S 4 U n] Y A T Rk
LI EEG B8 #4525 0 50 R Bl ARG BURAE, 4
ot 15 &85 0 A I 1 R AS 0 S ) L FR AT BT S 1 T L
il 5 MBS [ 1 2 i) A 4k BE SR B EEG REAR o 59 45 5 R 56 Y
TCE . b AR P 4 A 2 R A ST Y 1), A G T H A R
T S B B AT B A 2 2D, DR I LS R R [ 45k
BT NBG X DR R A E Y 25 57 . AR TUIF &
T2 A Mk P AR TR A M 1) o Bl 8 I 45 B B SABGCN-ST,
A CHE SEED Fl DEAP fiij 885 48 B AT 1 gl 250, Jf
H 5417 EEG 1545 ROl AR R I L 3 T T R X 508
SEYGIE I SABGCN-ST R 4% B3 A i A F 56 48 0 vk 1 175 46 4
FGEIL , [RIA o A S N AN [7) I 1] <08 422 6 I 5 T i 1 4 AR
W0 265 119 43 2 P RE A B R 64T T 18, LAE WA A 38 B 40 B2 40 1
2 2] 5 B AR b e AR R 7 AR S B0 BB R e AT T
SRS BT . FRATTAY T 2R I L 38 2o % 1l 0 4% 1) A A e A
HT LM EEG 15 4 001 66 fE 08 145 2048 282 Tt

& % X W

[1] COWIE R,DOUGLAS C E,TSAPATSOULIS N,et al. Emo-
tion recognition in human-computer interaction[ ] ]. IEEE Signal
Processing Magazine,2001,18(1) :32-80.

[2] ANDERSON K,MCOWAN P. A real-time automated system
for the recognition of human facial expressions[J]. IEEE Tran-
sactions on Systems, Man, and Cybernetics, Part B (Cyberne-
tics) ,2006,36(1):96-105.

[3] HUANG X,ZHAO G, HONG X,et al. Spontaneous facial mi-
cro-expression analysis using spatiotemporal completed local

quantized patterns[J]. Neurocomputing,2016,175:564-578.



36

Computer Science TEHMEL2:  Vol. 49,No. 4, Apr. 2022

[4]

(5]

[6]

7]

(8]

9]

[10]

[11]

(12]

[13]

HUANG X,WANG S,ZHAO G,et al. Facial micro-expression
recognition using spatiotemporal local binary pattern with inte-
gral projection[ C]// 1IEEE International Conference on Com-
puter Vision Workshop. 2015:1-9.

HUANG X, WANG S, LIU X, et al. Discriminative spatiotem-
poral local binary pattern with revisited integral projection for
spontaneous facial micro-expression recognition [ J ]. IEEE
Transactions on Affective Computing,2017,10(1) :32-47.

LIU Y,ZHANG J,YAN W,et al. A main directional mean opti-
cal flow feature for spontaneous micro-expression recognition
[J]. IEEE Transactions on Affective Computing, 2016, 7 (4)
299-310.

YAN J,ZHENG W,XIN M, et al. Integrating facial expression
and body gesture in videos for emotion recognition[ ]]. IEICE
Transactions on Information and Systems,2014,E97-D(3) :610-
613.

ANG J,DHILLON R,KRUPSKI A, et al. Prosody-based auto-
matic detection of annoyance and frustration in human-computer
dialog[ C]//International Conference on Spoken Language Pro-
cessing. 2002:2037-2040.

ZHENG W. Multichannel EEG-based emotion recognition via
group sparse canonical correlation analysis[ ]J]. IEEE Transac-
tions on Cognitive and Developmental Systems,2017,9(3) :281-
290.

CHENG B, LIU G. Emotion recognition from surface EMG sig-
nal using wavelet transform and neural network[C]// 2nd In-
ternational Conference on Bioinformatics and Biomedical Engi-
neering. 2008:1363-1366.

AGRAFIOTI F, HATZINAKOS D, ANDERSON A. ECG pat-
tern analysis for emotion detection[J]. IEEE Transactions on
Affective Computing,2012,3(1):102-115.

NOBLE W S. What is a support vector machine? []]. Nature
Biotechnology,2006,24(12) :1565-1567.

MERT A,AKAN A. Emotion recognition from EEG signals by
using multivariate empirical mode decomposition [ ] ]. Pattern

Analysis and Applications,2018,21(1) :81-89.

[14]

[15]

[16]

[17]

[18]

ZHENG W L, LU B. Investigating critical frequency bands and
channels for eeg-based emotion recognition with deep neural
networks [ J ]. IEEE Transactions on Autonomous Mental De-
velopment,2015,7(3) :162-175.

LI Y,ZHENG W,ZONG Y,et al. A bi-hemisphere domain ad-
versarial neural network model for EEG emotion recognition
[J].IEEE Transactions on Affective Computing.2021,12(2):
494-504.

LI Y,ZHENG W,WANG L,et al. From regional to global
brain:a novel hierarchical spatial-temporal neural network mo-
del for EEG emotion recognition[ J/OL]. IEEE Transactions on
Affective Computing. https://doi. ieeecomputersociety. org/10.
1109/ TAFFC. 2019. 2922912.

SONG T,ZHENG W,SONG P,et al. EEG emotion recognition
using dynamical graph convolutional neural networks[J]. IEEE
Transactions on Affective Computing,2018,11(3) :532-541.

LI P,LIU H,SI Y.et al. EEG based emotion recognition by
combining functional connectivity network and local activations
[J]. IEEE Transactions on Biomedical Engineering, 2019,
66(10):2869-2881.

A i

GAO Yue, born in 1998, Ph. D candi-

date. His main research interests in-

y
-~ clude natural language processing,me-
dical informatics and recommender sys-

tem.

FU Xiang-ling.born in 1975,Ph.D,asso-
ciate professor. Her main research in-

terests include medical informatics,deep

learning and text mining.

(TTAE: 4 - 2% W0 )





