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Abstract

This paper explores a multimodal emotion recognition method based on EEG and eye movement
signals, using the SEED-IV and SEED-V datasets from Shanghai Jiao Tong University. After prepro-
cessing the EEG signals, power spectral density and differential entropy features were extracted,
while time-domain and frequency-domain features were extracted from the eye movement signals.
A contrastive learning-based data fusion method is proposed, which effectively bridges the distri-
bution gap between different modalities and significantly improves emotion recognition accuracy.

IR

WESIH: W, KET, Foh ETREE S ARG S B EIRAIN). #5455, 2025, 14(1): 1244-1252.
DOI: 10.12677/m0s.2025.141112


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.141112
https://doi.org/10.12677/mos.2025.141112
https://www.hanspub.org/

ZFM F

Experimental results show that multimodal fusion, particularly the combination of EEG and eye
movement signals, significantly enhances recognition performance. Additionally, the differential
entropy feature of EEG signals outperforms the power spectral density feature in classification ac-
curacy, indicating better separability in the dataset.
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15 BT AR — BB Y S AR AU, E B AR T EANL T AL B ARG R, SN
FABBORZAS 1) B 2RI A EEARL] . BEE N TR BRI R, R ARy 7N LR Re e
MR TT I, AR R R L M S H AR

HAT, A5 R AR 32 B4 52 ik HELAS 5 (Electroencephalogram, EEG)#EAT 5 AR MI[2]. AR T 1
WERIE. BEEES, WG5S RAEER. ks, REEERMANAERRRSES, BA5%3]
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Table 1. Dataset information
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Figure 1. Multi modal data fusion method
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L 1 g iXp( fom (X Xy )/T)
2 Zj:1eXp( fsim (Xéeg Xeye )/T)
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JSE AIRFAERAE DR — ML I 5 IX =ANERE > IR, [N Q FERE, K JFEREM V AERE,
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Xy = (DDropout |:W ReLU (W Liner I:(pconcat (Xg, XCZ,___’ Xén ):|):| (6)

2 Ja A FHAS AR5 ek B D9 7 S 1A 47 2 bR
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PR A S P e 4 A0 R BR BOA -
L=l +L, (8)

4. K8
4.1 STHIEX

AT T AR S g0 vt WA 2 5 BT SO 2R BARTT 5, RISk,
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Table 2. EEG feature accuracy/macro F1 score (%)
7 2. PNEBFHIEREER F1 7 8(%)

PSD ik DE 4k
e
1 2 3 1 2 3

SEED-IV
LR 32.5/32.2 33.6/31.8 32.0/31.3 36.9/33.3 38.4/34.5 35.8/34.2
RM 33.4/32.5 36.8/32.5 29.2/29.1 34.3/32.0 38.4/36.2 32.4/31.5
SVM 34.5/30.2 36.8/33.0 29.3/28.4 36.9/35.4 38.4/38.1 32.9/32.3
KN 33.7/32.5 32.5/30.8 32.7/132.1 36.9/36.1 36.3/34.3 30.6/30.8
NB 28.5/28.5 32.6/31.9 33.0/32.4 27.9/26.3 31.6/32.0 32.4/315

SEED-V
LR 30.2/29.8 28.3/28.5 28.1/28.6 29.2/29.3 29.7/28.8 32.0/31.9
RM 30.2/30.4 30.3/28.9 29.4/28.3 29.2/28.8 29.7/28.0 33.0/32.1
SVM 30.2/29.7 25.3/25.1 26.1/27.0 29.6/29.5 29.7/29.2 33.4/32.0
KN 28.3/29.1 27.9/28.1 28.1/28.3 28.8/28.9 25.5/25.1 31.3/30.1
NB 20.3/20.3 21.9/21.3 27.7/25.9 23.8/24.0 25.7/25.8 28.5/26.4

Table 3. Splicing feature accuracy/macro F1 score (%)
3. PHEFHERE/R F1 578(%)
PSD *F/iE DE HHiE
LAY
1 2 3 1 2 3

SEED-IV
LR 75.1/75.2 76.5/75.8 76.9/76.6 77.2/77.3 79.2/78.0 78.9/78.5
RM 66.2/65.9 68.7/66.7 71.4/70.3 69.4/69.1 71.9/70.4 72.8/71.8
SVM 65.8/65.2 68.4/66.2 68.9/67.8 71.2/70.7 73.1/71.8 74.7/73.8
KN 58.5/57.8 58.6/56.4 60.8/59.9 62.6/62.2 64.1/62.1 66.1/65.3
NB 43.2/41.0 46.6/43.7 46.3/43.6 50.7/49.1 55.0/52.9 54.6/53.3

SEED-V
LR 81.7/81.1 85.3/85.1 85.5/84.6 85.8/85.0 88.6/88.6 87.9/87.1
RM 74.8/73.9 76.3/75.7 77.2[75.7 78.5/77.5 79.9/79.6 79.2/77.8
SVM 73.0/71.8 76.7/76.6 78.1/76.6 75.5/74.2 79.7/79.3 79.1/77.5
KN 65.1/64.2 67.7/67.4 69.1/68.0 72.2/71.1 71.9/71.3 74.8/73.7
NB 51.2/49.3 55.3/54.6 56.1/54.7 47.0/44.4 55.3/53.8 52.2/49.6

4 ORI R A AT 2 JG 70 NS L, ATUAE 2 o) LRl (i PR AR A IR S R R
ARG 0 VE . IXFRIR GRS P SRR (R AIE 52 RS 2 AN [R5 A AR AIE rp B 0 2 1 ek ) die KR
L, AOKAIFE s 11 AR AR R

S

[
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Table 4. Fusion feature accuracy/macro F1 score (%)
4. BAEFHEREER F1 578(%)

PSD $#fiE DE i
TR
1 2 3 1 2 3
SEED-IV
LR 93.1/93.2 93.4/93.0 94.8/94.9 92.8/92.8 93.5/93.0 94.3/94.7
RM 96.8/96.8 96.7/.96.7 96.6/96.6 96.8/96.8 96.8/96.7 96.5/96.5
SVM 84.8/84.7 85.8/84.9 88.9/88.9 87.0/86.9 88.3/87.6 90.4/90.4
KN 77.6/77.5 77.1/76.2 83.5/88.9 78.9/78.8 79.3/78.5 84.0/84.1
NB 54.4/53.5 60.6/58.5 57.8/56.6 62.2/61.5 68.9/67.1 65.4/64.5
SEED-V
LR 95.5/95.5 96.4/96.5 96.3/96.1 96.4/96.3 97.5/97.6 97.5/97.2
RM 96.8/96.8 96.3/96.9 96.7/96.7 96.8/96.8 96.8/96.8 96.9/96.8
SVM 92.7/92.5 92.2/92.4 93.1/92.6 92.5/92.4 93.3/93.3 92.4/91.8
KN 85.8/85.6 85.6/85.9 86.7/86.5 89.3/89.0 89.7/89.9 89.9/89.5
NB 735/73.3 68.9/68.6 70.4/68.9 69.9/69.9 68.5/67.6 64.5/62.7
5. &ARiG

A 5T e 22 B AR BRI AT R 46 VUM R IT, R DGR A S AR SE S S G R . 18
RNt SEED-IV Hil SEED-V #(#li 45, A SCHEH 1 — o B R AR 2045 5 & 077, R TX E
o] BT A . BEFEAE IR R, LG S M 2 B RHEAE S 4 IR BT S5 R R I B e 32, et
S LA 5 ) DE BRAETE 2 MRS EAR T PSD HAE . X — R IUAMIRAIE T 25 A5 78 B dis filk & 76 175 28 1R ) 40
BRI AR, AR AR R SRS AL T3 A

RUEARBFEG T RE SR, (HEARRMF TR E bR RS0 i, mTLRZREEZ M
KRGS, DU — DR A BRI AE S B 46, T4 @ R @ vtk . s, b
BT (1932 A RE g AN S AL BERE DT EAT AL, B RS LM B Ty 10, FESEPR A, Al AR L
ST PEFIRURE, LA S Gn e B G i A B ST b 50, 2 T B ORI A R X e ), RSO EE R
KRNI R AR ER HSeH TSRS RS, DRSS TR Z RN A5 .
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