H3HE LM BRERLE SRR Vol.3 No.l
2021 43 H Chinese Journal of Intelligent Science and Technology March 2021

E T Rt/ ih R & se a5 &R A

NHE 2, Rl AL BF L slpw
CL. B PR R 2T LA e, WRVL BUM 310018
2. WL ML P R fe T AU 00 %, WL B 310018)

B OE: MEEERAE M ER. AREL IR LA S AT D B RS LR AL, B Tk
ZRMEANRAERE S, A2/ FEARSIR A0S et (Dh20) BORAE VUM RE R AN TAR . BE kil i, CKEL
PN TR R AR AL S A8 B RERI R BOARRE D 4G, et — R T IM LB R RS L o ik
e, W HL P A 5 S I R SRR IE,  DASRIOK I 5 8 DA IR AE . JLUC, AN Ja P 45 v i B 45 (e R i
fE, DISRHHLERAHE 5 B RAE . A T 3SR as B B 2 AL RE ), AERRAE 2% ) R S AFEARTIT B &L . 1
753 EMGAN B RFAE R L IR M IS SR B A LA AR [ DA A 1 525 28] MG A R A 5 i P o S 2 T P i L
WS DG AR o W PR 1) P A MR e E 28 Sk AT R X 2R 7 A R A0 M HL S JBRARAAIE % g 0L i el A5 I i 5 1R
WA IEREAT Ay, 5280 %07k Qe B RFLESE R RYE EIT TRAF, RIUXT 7 Bl 24 (1o 1)
PRI 88.51%, AHELBAEL TG E, 2THT 3%~5%.

KA WU MBS S BPLE A AR IR

HhESES: TPIS, TN9IL.7, R318

EtFRIRRE: A

doi: 10.11959/j.issn.2096-6652.202107

Emotion recognition based on brain and
machine collaborative intelligence

LIU Dongjunl’ 2, WANG Yuhan" 2, LING Wenfen" 2, PENG Yongl’ 2, KONG Wanzengl’ 2

1. College of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou 310018, China
2. Key Laboratory of Brain Machine Collaborative Intelligence of Zhejiang Province, Hangzhou 310018, China

Abstract: Emotion recognition is a direct and effective mode of emotion recognition. Machine learning relies on the
formal representation of image expressions, lacks the cognitive representation ability of the brain, and has poor recogni-
tion performance on small sample data sets or complex expression (camouflage) data sets. To this end, the formal repre-
sentation of machine artificial intelligence was combined with the emotional cognitive ability of human brain general in-
telligence, and a brain-machine collaborative intelligence emotion recognition method was proposed. Firstly, electroen-
cephalogram (EEG) emotional features were extracted from EEG to obtain the brain’s cognitive representation of emo-
tions. Secondly, the visual features of the image were extracted from the emotional image to obtain the machine’s formal
representation of the emotion. In order to enhance the generalization ability of the machine model, the transfer adaptation

between samples was introduced in the feature learning. After obtaining image visual features and EEG emotional fea-
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tures, the random forest regression model was trained to obtain the brain-machine mapping relationship between image

visual features and EEG emotional features. The visual features of the test image were generated through the

brain-machine mapping relationship to generate virtual EEG emotional features, and then the virtual EEG emotional fea-

tures and image visual features were fused for emotion recognition. This method has been verified on the Chinese facial

affective picture system (CFAPS) and found that the average recognition accuracy of the seven emotions is 88.51%,

which is 3%~5% higher than the image-based method.
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