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Expression Recognition Method Based on CBAM-DSC Network

SONG Wenbo', GAO Lu*, MIAO Zhuang', LIN Kezheng'
(1. School of Computer Science and Technology, Harbin University of Science and Technology, Harbin 150080, China;
2. Harbin Institute of Information Technology, Harbin 150431, China)

Abstract: Aiming at the problems of complex parameters and low computational performance of facial expression network model,
an expression recognilion method based on Convolutional Block Attention Module-Depthwise Separable Convolution network is
proposed. The network usage depth separable convolution is combined with the traditional convolution. The improved Inception module
extracts different feature information through different branches while reducing the network parameters and improving the network
operation efficiency. Finally, the convolutional block attention module is added, which can make the network focus on the key
information when extracting features, so that the extracted feature expression information is more accurate and more conducive to
classification. The simulation experiments on RAF-DB dataset and CK + dataset show that the network model Convolutional Block
Attention Module-Depthwise Separable Convolution has a high recognition rate, and the number of parameters in the ablation experiment
is reduced by 6.4% compared with the traditional Convolutional Neural Network, which improves the computing performance.
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Fig.5 Examples of six expressions in the RAF-DB dataset
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Fig.6 Examples of six expressions in the CK + dataset
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Tab.2 Accuracy on both datasets

0 RAF-BD #E#5/% CK + R %/ %
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Tab.3 Ablation experiments

ZHe YIGAN/min - HEFIE/ %
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Fig.7 Confusion matrix of six expressions
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Tab.4 Average recognition rate of the model
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