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Facial expression recognition based on attention

mechanism and multi-scale feature fusion
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Sci-Tech University, Hangzhou 310018, China)

Abstract: Facial expression recognition has been the research of great concern in fields such as human-
computer interaction, However, the fusion of multi-scale features and the improvement of intermediate
features of facial expressions have been ignored in most of the current studies. To address this problem, a
facial expression recognition method based on attention mechanism and multi-scale feature fusion learning
was proposed in this paper. The method composed of a shallow layer feature extraction module and a
multi-scale feature fusion module can extract more valuable information from deep layer to shallow layer
and effectively improve the intermediate features of expression. First, the expression images are input into
shallow network and backbone network to obtain shallow layer features and deep layer features
respectively. Then an attention mechanism is added to the shallow layer feature extraction module to
intensify or suppress the shallow layer features. The shallow layer features and deep layer features are
fused to create the multi-scale fusion features of facial expressions. Finally, the facial expression images
are divided into 7 expressions by classifier. The average recognition accuracy of this method on two public
datasets, JAFFE and KDEF, reaches 96.67% and 89.29%, respectively. The performance outperforms
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the current deep learning methods and traditional methods. The experimental results demonstrate that the

method can bring about more abundant facial expression information with stronger generalization ability.

Key words: facial expression recognition; attention mechanism; multi-scale; feature fusion; deep

learning
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