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Table 3 Recognition accuracy of different methods on SEED-IV dataset (mean + std) %
PN
iﬁ@‘%\a SSELM S*RC STHP DMS?OF OGSSL SSLRR (ours)
3 86.35+0. 68 83.05+0. 57 74.62+0. 62 74.95+0. 61 84.09+0. 66 96. 47+0. 54
4 88.92+0. 64 86. 06+0. 51 80. 68+0. 56 80. 67+0. 61 86.36+0. 53 97.20+0. 48
5 92.49+0. 54 87.73+0. 50 85.10+0. 60 84.92+0. 47 88. 64+0. 48 98. 03+0. 41
*®4 TEFHEE SEED-VHIRE LS XEE (FHELFZE)
Table 4 Recognition accuracy of different methods on SEED-V dataset (mean + std) %o
JEN
ﬁﬁiﬁf SSELM S’RC STHP DMS?OF 0GSSL SSLRR (ours)
3 91.51+0. 61 86. 79+0. 68 82.54+0. 69 89. 09+0. 74 87.27+0. 83 96. 86+0. 59
4 93.09+0. 59 91. 86+0. 57 83.93+0. 68 91.97+0. 66 90. 91+0. 65 97. 01+0. 40
5 94.98+0. 55 93. 87+0. 50 85.92+0. 57 93.03+0. 63 94.45+0. 49 98. 50+0. 44
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Fig. 1  Confusion matrix of the proposed SSLRR and SSELM on different datasets
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Table 5 Ablation experiment results of SSLRR
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Semi-supervised low-rank representation for EEG emotion recognition

WANG Yutong' GU Xiaoqing'
1 School of Computer Science and Artificial Intelligence ,Changzhou University , Changzhou 213164, China

Abstract EEG,as a direct response to brain activity, can objectively reflect a person’s emotional state. However,
the non-smoothness and complexity of EEG signals make it difficult to collect a large number of labelled EEG sam-
ples,thus limiting the effectiveness and generalization performance of EEG emotion recognition methods. Here, a
Semi-Supervised Low-Rank Representation (SSLRR) approach for EEG emotion recognition is proposed to address
the above issues.First, an objective function in regression form is designed using the estimated labels of a small num-
ber of labelled EEG samples to effectively estimate the labels of unlabelled samples. Second, an &-drag-and-drop
technique is used to ensure label-to-label separability ,and in addition,low-rank constraints are imposed on the slack
labels to improve their intra-class tightness and similarity.Then,a class neighborhood graph is incorporated into the
proposed approach to capture the local neighborhood information of all EEG sample data.Comparative experiments
are conducted on two public datasets of SEED-IV and SEED-V ,and the results show that the proposed approach
performs well in EEG emotion recognition.

Key words semi-supervised learning;low rank representation ; EEG ; emotion recognition ;regularization



