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Micro-expression recognition based on vision-LSTM and dual attention mechanism
BAO Yongtang, LIU Fuyi, ZHANG Peng

(College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: To address the issues of insufficient micro-expression feature extraction, inaccurate motion feature
localization, and the limitations of traditional convolutional neural networks in effectively capturing and
representing dynamic micro-expression features, this study proposed a micro-expression recognition model based
on vision long- and short-term memory (Vision-LSTM) networks and a dual attention mechanism (ViLLDA).
This model introduced vision-LSTM networks into micro-expression recognition for the first time, enabling the
extraction of more informative features and capturing the dependencies among facial motion regions. A median-
enhanced spatial-channel dual attention module was designed to focus on subtle and significant micro-expression
muscle movements while reducing noise. A wavelet transform-based texture enhancement module was also
developed to improve facial static texture features. By integrating static features with subtle muscle motion
features, the model achieves classification. Experiments on public micro-expression datasets of SMIC, CASME
II, and SAMM yielded recognition accuracies of 0. 737 8, 0.821 1, and 0. 703 7, respectively, with respective F1
scores of 0. 731 0, 0. 820 7, and 0. 624 7. Compared to state-of-the-art methods, such as KPCANet, FRL-DGT,
I3D-MOCO, Meta-MMFNet, GTS-GN-AL, and LFGNet, the proposed model demonstrates superior recognition

performance.
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Fig. 3 Median-enhanced spatial-channel attention module
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Table 2 Results of the comparative experiments
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Table 3 Confusion matrix of the CASME II dataset

F 4 SAMM HIBEHRBEER
Table 4 Confusion matrix of the SAMM dataset
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5 Confusion matrix of the SMIC dataset
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Table 6 Results of ablation experiments
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Table 7 Experimental results of different fusion strategies
SMIC CASME 11 SAMM
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