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Research on expression recognition based on hybrid Qon mechanism

Gao Jian,Lin Zhixian, Guo Ta

(College of Physics and Information Engineering,

Abstract: The traditional facial expression recognition algorithm has the
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of complex feature extraction,low expression recogni-

10r1 method based on the combination of hybrid attention

tion rate and so on, in order to solve these problems,a facial expregsi
mechanism and ResNet is proposed. The method combines the chg attehition module and the spatial attention module into the hybrid
attention module, and then embeds the hybrid attention module Hto t esNet residual learning branch. For the CK + facial expression

data set is small,the data augmentation strategy is adopted

ognition accuracy of the improved ResNet is 97.04% oft the data
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the data set. The experimental results show that the expression rec-

set. This method improves the accuracy of expression recognition.
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