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Cross-dataset facial expression recognition method
fusing global and local features

LIANG Yan, WEN Xing, PAN Jiahui
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: The expression recognition model shows significant performance differences between datasets due to subject-
ive annotation and objective condition differences in the collection of facial expression datasets. A domain adversarial
network model based on expression fusion features is proposed for cross-dataset facial expression recognition. This
model aims to improve the accuracy of cross-dataset expression recognition and reduce the sample marking and retrain-
ing processes for expression recognition in practical applications. Residual neural networks are used to extract the glob-
al and local features of facial expressions. An encoder module is then employed to fuse global and local features to learn
deep expression information. A fine-grained domain discriminator is adopted to antagonize the source dataset against the
target dataset, aligning the edge and conditional distributions of the dataset and facilitating the migration of the model to
the unlabeled target dataset. RAF-DB is used as the source dataset, and CK+, JAFFE, SFEW2.0, FER2013, and Expw
are used as the target datasets for cross-dataset facial expression recognition experiments. Compared with other cross-
dataset facial expression recognition algorithms, the proposed method achieves the highest average recognition rate. Ex-
perimental results show that the proposed method can effectively improve the performance of cross-dataset facial ex-
pression recognition.

Keywords: cross-dataset; facial expression recognition; domain adaptation; feature fusion; self-attention mechanism;

transfer learning; fine-grained domain discriminator; residual network
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Fig.1 Framework for domain adversarial network based on facial expression fusion feature
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