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Facial Expression Recognition Based on
Convolutional Neural Network with Domain Adaption
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[ Abstract] In facial expression recognition using Convolutional Neural| Network ( CNN ) , other data sets can assist in
training to deal with the lack of tag data. However, the classificationjaccuracy will be affected by the data distribution
differences between the source domain database and the target/domainydatabase. To address the problem, this paper
constructs a domain adaptation-based convolutional neural network structure modeled after AlexNet. The network introduces
a SE module including the attention mechanism for feature re-location,and uses the domain adaption method to reduce the
differences between domains. Experimental results on the public .data sets of facial expression recognition show that the
proposed network can achieve a higher recognition accuracy rate than AlexNet and GoingDeep with fewer parameters.

[ Key words] Convolutional Neural Network ( CNNY) ; facial expression recognition; data distribution; domain adaptation ; transfer
learning
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