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Abstract: With the resurgence of deep learning, the field of emotion recognition has experienced rapid development. As one of the
most direct forms of human emotional expression, facial expressions have attracted the attention of many scholars. This article delves
into Facial Expression Recognition (FER) and proposes a facial expression recognition model based on AMF-VGGI6, taking the
classic VGG16 model as the starting point to address its existing problems. Firstly, the image is processed using Local Binary Pattern
(LBP) and Sobel operator to enhance features as model input. Secondly, optimization is made to address the shortcomings of the
VGG16 model, including simplifying the training parameters. Specifically, the number of feature channels in the fourth
convolutional group is halved, the number of neurons in the first two fully connected layers is reduced to 256, and deep and shallow
feature fusion is completed. Information complementarity, and finally, the introduction of CBAM attention mechanism further
enhances the recognition performance of the model. The accuracy of the experiment on the CK+and Fer2013 datasets reached
99.742 1% and 66.78% , respectively, which is about 6% and 4% higher than the VGG16 model, and there is also a certain
improvement in performance compared to other models, indicating the effectiveness of the proposed model in this paper.
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Fig. 3 Original image as well as LBP and Sobel feature images
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