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EEG Emotion Recognition Based on 3D Feature Fusion and Lightweight CNN

CHEN Ziyang, SUI Li, HU Lei
(School of Health Science and Engineering, University of Shanghai for Science and Technology , Shanghai 200093, China)

Abstract: Emotional changes can cause changes in scalp EEG signals, and emotion recognition based on EEG signals has become an impor-
tant direction in emotional research in recent years. To this end, a sentiment EEG recognition method based on 3D feature fusion and light-
weight convolutional neural network is proposed, using a 2D window 3D feature map as input and providing emotional states as output based
on valence and arousal. A subject dependent experiment was conducted on the DEAP public dataset, and the results showed that the evalua-
tion validity of emotion recognition performance and the accuracy of wake—up recognition were (97.08+ 0.32)% and (96.78+0.34)% , respec-
tively. The proposed method has high accuracy in emotion recognition and low computational complexity , making it suitable for emotion recog-
nition in practical scenarios.
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Fig.1 Emotion model based on valence and arousal
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Fig.2 Flow of 3D feature map production
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Fig.3 Overall structure of the lightweight CNN
B3 E CNNEEKZEY

3 XBRAEEERSN

31 IR

AR S R T Windows 10 #R1E R G & T, {f FH 1) ¥R )&
2 S HESR g PyTorch 1.12.0, Python A< 4 3.7.0, CPU A In-
tel® Core™ i5,GPU A NVIDIA GeForce GTX 1060,
3.2 HERIEREITL,

TS A R R A FR A (AT A DR PE A 45 2R
A R () FLSE R I, R AT 28 SRR I Al AR 7
PERE . Ak i A BERLS  HE W06 2 ) RN 1e-3,
FEARIE ST A ST A B BRI E o 0.5, JF7E
IOAE R FE S AT B BGR 2 10 IREHE AT 1R I 25, LA
55— M), AR SO AL 25 5 56 k4 Ok il e dn 1] 4 B R
HERf R e an &l 5 R
33 —HEBIES3DYHEE SRR

R UE K A3 5 5 25 (A5 B4 A R BB 8 7= A T A1
RO DU SEAT AL S50, 3 i FH —4ERRAE A 3D RRAE 5]
VERBEARIE A o Horh, — e RRIE B i AT IR R (2,32%4)

Training Loss
—— Validation Loss

0.6

0.5

0.4

0.2

0.14

0.0+

0 5 10 15 20
Epochs

(a) Loss curve of valence

(a) SRS

Training Loss
—— Validation Loss

0 5 10 15 20 25
Epochs

(b)  Loss curve of arousal

(b) MR 2%

Fig.4 Training and validation loss curve of one—fold
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Table 2 Comparison of recognition results between one—dimensional

feature maps and 3D feature maps
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Fig. 5 Training and validation accuracy curve of one—fold
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