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Figure 2 Confusion matrix results under different channels
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Figure 3 Comparison of ACC and F1 scores across

models on the SEED dataset
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Figure 4 Comparison of accuracy and F1-score among

feature selection methods on the SEED dataset
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Table 4 Ablation study results

e i A 18 i 20 i iE 10 838 6 i 8
Yﬁ %ﬂ*ﬁﬁ% I ZH. ZE i
ACC F1 1545 ACC F1 1943 ACC F1 184> ACC F1 1843
RTA 1 0.970 1 0.969 9 0.967 1 0. 966 9 0.922 2 0.922 2 0.863 1 0.862 4
RTA 2 0.971 9 0.971 8 0.966 5 0. 966 3 0.920 3 0.920 3 0. 866 6 0. 866 2
RTA 3 0.971 8 0.971 7 0.966 1 0.966 1 0.926 3 0.926 1 0.879 0 0.878 5
All Top-k 0.9615 0.960 9 0.960 1 0.959 7 0.916 9 0.916 4 0.859 8 0.859 0
EXE*E 0.991 9 0.991 8 0.975 5 0.975 4 0.946 8 0.946 8 0.910 0 0.910 1
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Figure 5 Channel distributions of selected subjects

under different channel settings
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Table 5 Validation using reference channels across two datasets

_— DEAP /i DEAP 4 ffr DEAP 4432 SEED 3 432
pliipL=h N ~ . P i ) Vi )
iRTES F1 135y MR F1 1355 HiRTES F1 134 MRS F1 134}
F3, F8, T7, 0.938 7+  0.938 6x  0.9435+  0.9434x  0.9135:  0.9135x  0.909 6= 0.909 5z
T8, P3, P4 0.0015 0.001 8 0.001 6 0.001 9 0.002 2 0.001 3 0.000 8 0. 000 8
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EEG Emotion Recognition Combining SCHO Channel Selection and Top-k Attention

MENG Yinghui , SONG Jiaoshuai , LI Duan , NAN Jiaofen , FENG Wen , ZHU Fubao , YUAN Changxiang
(School of Computer Science and Artificial Intelligence, Zhengzhou University of Light Industry, Zhengzhou 450001, China)

Abstract; EEG-based emotion recognition was an important research topic in brain-computer interfaces, affective
computing, and mertal health monitoring. However, existing EEG emotion recognition systems generally suffered
from a large number of eledrodes, high acquisition costs, limited wearability, and perfomance degradation under
low-channel conditions. To address these issues, a low-channel EEG emotion recognition algorithm was poposed,
in which the meta-heuristic optimization algorithm Sith Cosh Optimizer (SCHO) was integrated with the convolu-
tional residual Top-k attention franework ( CRTA) to achieve adaptive channel selection and effective feature mod-
eling. First, fast Fourier traxsform and power spectral density features were extracted from EHNG signals, and SCHO
was employed to adaptively select subject-specific emotion-discriminative electrode subsets. Subsequently, multi-
scale features were captured through convolutional layers and residua blocks in CRTA, while an improved Top-k
multi-head spamse attention mechanism was introduced in deep layers toreduce redundant information and enhance
emotion-related features. Experimental results on the SEED and DEAP datasets demonstrated that the proposed al-
gorithm achieved competitive perfornance under both full-channel and low-channel settings. Furthermore, a fixed
six-electrode configuration consistingof F3, F8, T7, T8, P3, and P4 was found to maintain high recognition accu-
racy, providing an effective solution for low-chainel and high-performance EEG emotion recognition and offering a

reference for lightveight wearable EG emotionmonitoring systems.

Keywords: EEG signals; emotion recognition; residual network; multi-head attention





