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Research on Expression Recognition Based on
Modified GhostNet Model

ZHANG Wen-hai,CHEN Chun-ling
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Telecommunications , Nanjing 210023 , China)

Abstract: To solve the problems of the complex calculations, the large input scale, the small difference in between—class expressions and
the large difference in within—class expressions in facial expression recognition task ,a solution based on modified GhostNet model is pro-
posed. Firstly,a modified GhostNet model is designed to extract expression features based on the idea of GhostNet model, which has
better lightweight characteristics than the original network model, and the problem that the information may be lost in the Ghost bottleneck
layer is solved. Secondly, combined with the idea of Island loss function and Circle loss function, the loss function based on cosine
similarity is designed and used to guide the learning of neural network. The method reduces the intra class difference and increases the
inter class difference in the feature space,thereby improving the effect of feature discrimination. Experiments on FERplus data set show
that the proposed method based on improved GhostNet model has higher recognition accuracy and faster recognition speed on the premise
of the fewer parameters and calculations. The effect is better than Softmax and the loss function based on cosine similarity. It is more
suitable for use scenarios of mobile terminals and embedded devices.
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