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Abstract In the face recognition field, this paper proposes a human facial expression recognition method based on dense con-
volutional neural network. The method achieves efficient feature expression with low computing resources through feature reuse and
bypass connection strategy, so as to improve the accuracy of facial expression recognition system. The human facial expression recog-
nition method proposed in this paper uses GPU computing to continuously research and optimize the model, and finally it achieves
96.88% accuracy on the human facial expression database which is composed with KDEF dataset and the human facial expression
dataset produced in the article, which is better than the most of the current published human facial expression recognition methods.
This paper uses the pre—trained facial expression recognition model to design the prototype software of facial expression recognition,
which can achieve good recognition accuracy by using the camera to capture facial expression in real time.
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